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Biomedical imaging has continued to play increasingly
important roles in clinical practice and research activities.
While the enormous amount of imaging data provides
observations on the organisms of interest, these data have to
be properly analyzed in order to reveal the insights into the
biological and physiological processes.
This special issue, following the very successful one
in 2012, provides a snapshot of the latest and emerging
computational biomedical imaging technologies and their
applications in clinics and research. From the 20 submissions
that have gone through the peer-review process, the guest editors have selected six papers covering some very interesting
and timely topics, from forensic medicine to cardiovascular
risk assessment.
The work of W. Lin et al. attempts to predict cardiovascular risk by using a combination of physiological parameters, including blood pressure, electrocardiogram, arterial
stiffness, ankle-brachial blood pressure index, and blood
glucose carrying valuable information. This paper provides
the current status on the medical devices for physiological measurements and presents various points of view on
potential implications for promoting cardiovascular disease
prevention and treatment in the future.
Ultrasound imaging is the focus of the next two papers.
The paper by J. Xia et al. presents an original concept
for the visualization of temperature distribution in tissue
building upon changes in ultrasonic backscattered energy.
This approach visualizes temperature map in tissues during nonuniform heating without the need of tracking and

compensation of the echo shift. W. Cong et al. describe
an intriguing platform to simulate ultrasound based on
CT images, which has the potential to facilitate ultrasound
guided navigation in clinical practice.
The paper by R. Xiao et al. focuses on vessel tracking
for coronary artery identification. The system integrates
multiscale Hessian information and discriminates the connecting relationship of the tracked ridge points in order to
automatically track vessel from X-ray angiograms. This work
has demonstrated its capability through clinical evaluation.
H. Jiang et al. present clinically important work on
recognizing liver cancer from abdominal CT images by using
multi-instance learning and support vector machine, which
aims to improve the efficiency for liver cancer detection. The
other paper of the special issue explores a novel application
in forensic medicine and the determination of sex from 3D
digital skulls using statistical shape model. The method has
been tested on 208 skulls with very promising results.
We appreciate the many high quality submissions to
this special issue from leading researchers in computational
biomedical imaging.
Huafeng Liu
Pengcheng Shi
Yunmei Chen
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Cardiovascular disease (CVD) is the leading cause of death worldwide. Early prediction of CVD is urgently important for timely
prevention and treatment. Incorporation or modification of new risk factors that have an additional independent prognostic value
of existing prediction models is widely used for improving the performance of the prediction models. This paper is to investigate
the physiological parameters that are used as risk factors for the prediction of cardiovascular events, as well as summarizing
the current status on the medical devices for physiological tests and discuss the potential implications for promoting CVD
prevention and treatment in the future. The results show that measures extracted from blood pressure, electrocardiogram, arterial
stiffness, ankle-brachial blood pressure index (ABI), and blood glucose carry valuable information for the prediction of both
long-term and near-term cardiovascular risk. However, the predictive values should be further validated by more comprehensive
measures. Meanwhile, advancing unobtrusive technologies and wireless communication technologies allow on-site detection of the
physiological information remotely in an out-of-hospital setting in real-time. In addition with computer modeling technologies and
information fusion. It may allow for personalized, quantitative, and real-time assessment of sudden CVD events.

1. Introduction
Cardiovascular disease (CVD) remains the world’s top killer
for death at this moment. As reported by World Health Organization [1], CVD will continue to dominate mortality trends
in the coming decades. Moreover, it is always associated with
substantial socioeconomic burden. Therefore, a considerable
demand to improve cardiovascular health is greatly desired.
CVDs are chronic diseases that occur by long-term
cumulative effects of risk factors. Besides, a large number of
people die from acute cardiovascular events without prior
symptoms [2]. And about two-thirds of deaths caused by
CVD occur in out-of-hospital conditions [3]. It is therefore
important to develop effective risk prediction approaches for
screening individuals who are at high risk of developing CVD
for timely prevention and treatment at an early stage before
obvious symptoms happen.

In the past decades, several prediction models have
been proposed to estimate a 10-year risk of developing
CVD. The models are expressed as multivariate regression
equations using risk factors as variables. The most influential
model is the Framingham Risk Score (FRS), which predicts
coronary heart disease (CHD) using traditional risk factors
as follows: age, diabetes, smoking, systolic blood pressure
(SBP), treatment for hypertension, total cholesterol, and
high-density lipoprotein (HDL) cholesterol [4]. Other similar
risk-scoring algorithms, such as ATP-III [5], SCORE [6],
PROCAM [7], QRICK [8], Reynolds Risk Score [9, 10], and
MUCA [11], are accomplished through the incorporation
of factors into the FRS or recalibration of the Framingham
functions to the local subjects. These prediction models have
become primary tools in the prevention of CVD in clinical
practice. Based on these models, individuals classified in low
risk stratum, intermediate stratum, and high risk stratum
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are recommended for lifestyle modification, further risk
stratification or drug therapy, and more intensive preventive
interventions, respectively [12].
However, they still have several known limitations. An
example is that a considerable number of CVD events still
occur in those asymptomatic patients who are classified into
intermediate risk stratum [13]. Another example is that if
subjects classified in the Framingham low-risk stratum are
excluded from further screening, about a quarter of men and
two-thirds of women with substantial atherosclerosis will be
missed, where atherosclerosis is the main cause of CVD [14].
Therefore, in addition to traditional prediction approaches,
further efforts should be made to develop novel strategies for
accurately screening CVD.
Incorporation or modification of the risk factor that has
an independent prognostic value of current prediction models would be a good choice for improving the performance of
the prediction models. Some studies have reported the role
of imaging [15], genetic test [16], and biomarker assay [17] in
improving early CVD prediction. However, until now, there is
not a study systematically reporting the role of physiological
parameters for CVD prediction. Physiological parameters of
the heart and arteries can be measured from the body surface
by noninvasive tests and can be used for identifying multiphysics mechanisms of the cardiovascular system. Specifically, blood pressure (BP) reflects the hemodynamics inside
the arteries. It is well known that high BP is a major cause
of the development of atherosclerosis, an artery clogging and
hardening process that results in heart attacks or strokes [18].
Electrocardiogram (ECG) measures the electrophysiology of
the heart. Abnormalities on ECG can be used for screening
vulnerable myocardium, which may lead to acute myocardial
infarction [19]. Arterial stiffness measured by aortic pulse
wave velocity (PWV) or pulse wave analysis reflects the blood
fluid flow in the arteries and the hardening degree of the
artery wall [20], where arterial hardening is a consequence of
arteriosclerosis. Ankle-brachial blood pressure index (ABI),
which is defined as the ratio of systolic pressure at the ankle
to that in the arm, can be used for evaluating structural and
functional changes in the blood vessel and has been used
for measuring peripheral vascular disease. Blood glucose
carries the biochemical information of the blood. Elevated
plasma glucose may cause several conditions that relate to the
development of cardiovascular complications [21]. Moreover,
increased hemodynamics of blood flow and mechanical shear
stress of the coronary wall, which are reflected in the increases
in BP, heart rate, and PWV, in combination with the increases
in blood viscosity, are responsible for triggering plaque
rupture and consequence progression of CVD [19, 22], where,
plaque rupture accounts for around 70% of acute cardiac
deaths [19].
Except for established physiological risk factors (clinical SBP and diabetes) adopted in the traditional prediction models, more studies find that emerging physiological
parameters extracted from ambulatory BP, stress BP, ECG,
arterial stiffness, ABI, and milder glucose abnormalities are
also related to the occurrence of CVD. For examples, the
Ohasama study shows that the heart rate variability (HRV)
and blood pressure variability (BPV) captured by ambulatory
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blood pressure monitoring (ABPM) should be regarded as
independent risk factors for the prediction of CVD death
in general individuals [23]. The Dublin study suggests that
the nighttime BP can be more effective in the prediction
of CVD mortality than clinical BP [24]. The Framingham
study shows that exercise diastolic blood pressure (DBP)
during stage 2 of the Bruce protocol and recovery predict
incident CVD when adjusted for resting BP [25]. A metaanalysis of 17 longitudinal studies suggests that the risk of
subjects with high aortic PWV is almost twice compared with
those with lower aortic PWV [26]. The Strong Heart Study
shows that low ABI (≤0.90) and high ABI (>1.40) significantly
improve the CVD mortality risk [27]. The Framingham
Offspring Study indicates that milder glucose abnormalities
such as impaired fasting glucose (IFG) or impaired glucose
tolerance (IGT) are also independent risk factors for predicting CVD though the predictive values are small, and
the risk increases mostly in those with combined IFG and
IGT. Medical statistics studies also prove that early morning
BP and heart rate surge [22, 28, 29], elevated BP in winter
[29], exercise-induced ECG arrhythmias in athletes [30], and
electrophysiological abnormalities in obstructive sleep apnea
[31] are related to an increased incident of acute CVD events,
such as myocardial infarction (MI) and stroke. In addition,
noninvasive monitoring of these physiological parameters
are convenience, cost-effective, and with low side effects.
Therefore, it would be another good choice for improving
CVD prediction by the use of physiological parameters that
have been proved to be with independent prognostic values.
The objective of this paper is to review current evidences regarding these physiological parameters for CVD
prediction, as well as to summarize the current status of the
medical devices that used for monitoring these parameters
and discuss the potential implications for promoting CVD
prevention and treatment in the future.

2. Assessing the Predictive Ability of
Risk Factors
Cohort studies in which populations are followed up over
time and outcomes are determined prospectively are widely
used for measuring the prognostic value of a risk marker
for disease prediction and treatment [32]. Generally, the
number of the population enlisted should be large and the
followup should be conducted for years to get large numbers
of outcome events for significant statistical analysis. In these
studies, risk is assessed with a survival curve or by reporting
the proportion of outcome events over a given period [32].
The statistical association between a risk marker and the
outcome can then be tested using the Cox proportional
hazards model, linear regression model, logistic regression
model, or a parametric survival model and are assessed using
metrics such as hazard ratio (HR), odds ratio (OR), or relative
risk (RR, equal to relative hazard), along with confidence
interval (CI) and P value [20, 32]. The HR refers to the
ratio of the hazard rates corresponding to two levels of a
variable. For instance, subjects with treatment or a particular
exposure may suffer an outcome two times than the control
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3. Initial Studies on Early CVD Prediction
Using Physiological Parameters
3.1. Blood Pressure (BP). BP is a consistent risk factor for
the development of atherosclerosis [18]. Specially, high BP
increases the workload of the heart and injures the endothelium and the delicate lining of the artery walls. Injured
endothelium will induce the deposition of cholesterol and
cells in the artery wall and eventually lead to the formation
of atherosclerosis plaques. Plaques can suddenly rupture, and
cause blood clots that can block blood flow travelling to vital
organs, such as the heart or the brain. Then ischemic heart
disease or cerebrovascular accident will occur. Moreover,
stress-induced hemodynamic and hemostatic changes will
increase the likelihood of plaque rupture and thrombosis.
Continuous or category variables derived from resting BP,
ABPM, and stress BP tests are used for cardiovascular risk
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Hazard ratio (95% CL)

subjects, giving a HR of 2. The odds ratio refers to the
odds that an outcome will occur with a particular exposure,
compared to that without the exposure. Relative risk refers
to the ratio of the probability of developing a disease in the
exposed group versus the control group. Therefore, HR, OR,
or RR of 1 means that the exposure or treatment does not
influence the risk of developing the outcome, HR, OR, or
RR > 1 means exposure or treatment associated with higher
risk of developing the outcome, while HR, OR, or RR < 1
means exposure or treatment associated with lower risk of
developing the outcome. Consequently, exposures with HR,
OR, or RR far from 1 may be considered as risk factors for
predicting disease outcome (e.g. CVD). For a risk factor to
be considered with independent and incremental predictive
value, the metrics should be calculated after adjustment for
established risk factors.
More analysis including discrimination, calibration, and
reclassification are also recommended by the American Heart
Association for assessing the performance of risk prediction
models with the inclusion of new markers [12, 32]. Discrimination represents the ability of a prediction model to discriminate cases from no cases [12]. It is quantified using C statistic
or C index, which is equal to the area under the receiver
operating characteristic curve (AUC) [12, 20]. A test with C
statistic of 0.5 means no discrimination, while 1.0 means a
prefect test. Calibration measures the capability of predicting
accurately the proportion of individuals in a group who
will develop disease events. Metric of Hosmer-Lemeshow 𝜒2
test is usually used for describing the calibration of a risk
prediction model [12]. Reclassification refers to the ability
whether the individuals reclassified into other risk stratums
will be more accurate [20]. Net reclassification improvement
and integrative discrimination index are two metrics for
quantitatively estimating the reclassification [12, 32].
Apart from the statistical measures described above,
a new risk marker should also have a positive effect on
clinical decisions and eventually on clinical outcomes [32].
Ultimately, the test for capturing the novel risk factor should
be cost-effective, so it can be used for screening large scale
individuals [32].
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Figure 1: Hazard ratios for risk of stroke by deciles of visit-to-visit
variability (SD) SBP over seven visit measurements (the interval
between visits was 4 months), with the first decile as the control
category. Analyses were performed in patients excluding those with
a past history of stroke (1324 patients were eligible). Reproduced
from [34].

prediction. Table 1 shows some of the representative cohort
studies reporting the independent predictive value of BP.
3.1.1. Resting Blood Pressure. Accumulating traditional large
scale cohort studies prove that high brachial artery BP at
baseline is the most prevalent treatable vascular risk factor
[8, 33, 34, 38]. A meta-analysis of one million adults shows
that cardiovascular risk starts to increase as SBP rises from
115 mmHg or DBP rises from 75 mmHg to higher values [38].
The Japan Arteriosclerosis Longitudinal Study (JALS) group
compares 4 BP indexes (DBP, SBP, pulse pressure [PP], and
mean blood pressure [MBP]) and finds that SBP and MBP are
the strongest predictors for the long-term incidence of stroke
and myocardial infarction (MI), while PP is the weakest
predictor of the four BP indexes [33].
In a recent persuasive study, variability in SBP and
maximum SBP reached among repeated clinic visits over
months are also demonstrated to be strong predictors of
stroke, independent of mean SBP. As shown in Figure 1 and
Table 1, the HR of the top-decile of SD SBP over seven visits
for stroke prediction is 6.22, while the HR of the top-decile
of maximum SBP reached for stroke prediction is 15.01, after
adjustment for mean SBP (the first decile is the reference
category) [34].
Diagnosis and treatment of hypertension are commonly
recommended for the prevention of CVD events. Antihypertensive agents that can reduce BPV and MBP both will control
the risk of stroke more effectively than agents who reduce
MBP only [39, 40]. A meta-analysis finds that effects of drugs
on interindividual variation in SBP account for more of the
effects of treatment on stroke risk than do effects on mean
SBP [41]. Thus, BPV is suggested to be taken into account to
the current hypertension guidelines [42].
3.1.2. Ambulatory Blood Pressure. Blood pressures vary
greatly according to the daily activities and may reflect the
cerebrum central autonomic control. As reported by many

General Japanese
man (48224)

SBP

Awake SBP mean;
Asleep SBP mean;
48-h SBP mean;
Sleep-time relative decline;
SD of awake SBP;
SD of asleep SBP;
SD of 48-h SBP
Morning surge SBP

Clinic SBP;

Variability (CoV of daytime
SBP) in ABPM

40–79

60.3
(mean)

40–89

Age at
entry (y)

Subjects
52.6 ± 14.5
fulfilling series of
exclusion and
inclusion criteria
(3344)

Residual visit-to-visit variability Patients with
treated
(SD)
hypertension
(2011)

Episodic severe hypertension

Maximum SBP reached

Visit-to-visit variability (SD) in Patients with
prev. transient
SBP
ischaemic attack
(1324)

PP

MBP

DBP

Population (no.)

Markers

5.6

5.5

2

8.4

Followup
(y)
Stroke (1231) and
MI events (220)

Age, BMI, serum
total cholesterol,
and smoking

Age, sex, and
diabetes

NR

Prognostic values

Cox model

Cox model

HR = 1.35
HR = 1.52
HR = 1.43
HR = 0.72
HR = 1.29
HR = 1.22
HR = 1.24
HR = 0.79

HR = 1.35

For vascular
events, HR = 1.42

For stroke, HR =
3.25

For stroke,
HR=15.01
For stroke, HR =
3.58

For stroke, HR =
1.53; For MI, HR =
1.17
For stroke, HR =
1.60; For MI, HR =
1.22
For stroke, HR =
1.27; For MI, HR =
1.17
For stroke, HR =
6.22

Poisson regression For stroke, HR =
1.51; For MI, HR =
model
1.23

Model based

Total CVD events Cox model
(331)

Stroke and
coronary event

Age, sex, mean
Stroke (270),
SBP, and other risk coronary event
factors
(166)

End events (no.)

Covariates

Table 1: Sample of cohort studies reporting the independent predictive values of blood pressure.

NR

NR

NR
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reclassification
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[34]
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Cox model

HR = 1.48

Net
reclassification
improvement,
SBP, 12%; DBP,
9.9%

NR

NR

NR

NR

Discrimination,
calibration, and
reclassification

[37]

[25]

[23]

[24]

[36]

Reference

BMI indicates body mass index; CoV: coefficient of variation; wDBP SD: weighted mean of daytime and nighttime DBP SD; ARV: average real variability; NR: not report; prev.: previous; LDL: low-density lipoprotein;
HDL: high-density lipoprotein; CV: cardiovascular.

Bruce stage 2 DBP > 90 mmHg
(versus DBP ≤ 90 mmHg)

Age, sex, diabetes, CVD death (385)
LDL and HDL
cholesterol,
triglycerides,
smoking, BMI,
and family history

HR = 1.96

20

HR = 1.41;

Asymptomatic
patients (6578)

CVD events (240) Cox model

HR = 1.53

Age, sex

RR = 4.45

RR = 2.69

HR = 1.15
HR = 1.13

HR = 1.07

HR = 1.06
HR = 1.06

HR = 1.04
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Cox model
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Daytime heart rate variability
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Bruce stage 2 SBP
Recovery DBP after exercise
(3rd min)
Bruce stage 2 SBP > 180 mmHg
(versus SBP ≤ 180 mmHg)

≥40

8.4

5.8

54.5
(mean)

16.2–92.4

Followup
(y)

Age at
entry (y)

Nighttime SBP
24-h SBP
Daytime systolic BP variability General Japanese
> 18.8
subjects (1542)

Untreated
hypertension
patients (5292)

Subjects referred
for assessment of
their
hypertension
(10499)

24-h DBP SD;
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DBP ARV;
Daytime SBP

Population (no.)

Markers

Table 1: Continued.
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3.0

2.5

24-hour

2.0

Daytime

1.5
Clinic
1.0

0.5

90

110
130
150
170
190
Systolic blood pressure (mmHg)
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Figure 2: Adjusted 5-year risk of cardiovascular mortality versus
systolic blood pressure captured by ambulatory blood pressure
monitoring in different periods of the day. Reproduced from [24].

researchers, ABPM can be used for monitoring the variability pattern of BP, which can provide additional important
information missed under office BP monitoring or common
home monitoring, and is superior to clinic BP measurement
in predicting mortality [24].
Different indexes including daytime BP mean, nighttime
BP mean, 24 h BP mean, and night-to-day BP ratio in ABPM
are indicated to consistently predict all CVD events. Figure 2
depicts an adjusted 5-year risk of cardiovascular death versus
SBP captured by ABPM in the Dublin study [24]. It indicates
that elevated nighttime BP mean is a better predictor of
cardiovascular risk than 24 hour BP mean, daytime BP mean,
or clinic BP, which is just the same as other common studies
showed [43–46]. Another role of ABPM for the prediction
of CVD events is that it could be used for evaluating the
BPV during different periods of time. Short-term variability
is estimated as the variation of reading-to-reading at baseline
ABPM. The Ohasama study shows that the RR for daytime
ambulatory systolic BPV > 18.8 is 2.69 (𝑃 = 0.02), with
the BPV of 11.5–13.9 as the reference category, suggesting
a strong predictive value for cardiovascular mortality [23].
Other cohort studies also prove that an increase in readingto-reading BPV is only slightly associated with an increase
in subsequent CVD events/complications (HRs are slightly
larger than 1) [35, 36, 47]. Conversely, some studies find that
the association loses in the presence of other well-known risk
factors. The elusive results are in part because of the different
sample and different BPV index adopted.
Other evidences indicate that an abnormal pattern of
cyclic variation of BP (circadian or seasonal) is correlated
well with an increased cardiovascular risk [29]. For example,
excessive increase of BP just after rising in the morning,
blunt, or nondipping of nocturnal BP (night-to-day BP

ratio ≥1, sleep hypertension) is correlated with increased
cardiovascular risk [28, 48, 49]. Such correlation could also be
found in people with obstructive sleep apnea (OSA), whose
BP rises at night while the risk of sudden cardiac death
increases during sleep [31]. Besides, elevation of seasonal BP
variation will increase cardiovascular risk. A study shows that
the BP rises in the winter, while the frequency of acute MI
increases by 53% in the winter [29].
Further study evaluates the different effects of taking
antihypertension medications in different periods of time
with the use of ABPM [50]. The results show that bedtime
dosing would be better than morning do.se in improving BP
control including lowering the nocturnal BP, 24 h BP mean, or
the morning BP surge. Intervention study also demonstrates
that the progressive decrease in asleep BP mean captured by
ABPM can efficiently reduce cardiovascular risk [35].
3.1.3. Stress Blood Pressure. Abnormal exercise BP response
is demonstrated to be associated with an imbalance of
autonomic nervous regulation, a future hypertension, and
a future hypertensive left ventricular hypertrophy [51–53],
suggesting a link to a high risk for the development of CVD.
Though exaggerated exercise BP response and attenuated BP
recovery are demonstrated to show prognostic information
in identifying cardiovascular risk, even in normotensive
individuals [25, 37, 54]. The results of the prognostic value are
still controversial [25, 37]. That depends in part on the stage
when BP is measured in the exercise and different exercise BP
indexes adopted [37].
Two important studies (as shown in Table 1) report that
submaximal BP during exercise is greater than maximal BP
in predicting the risk of CVD death [25, 37]. One study,
the Framingham study, shows that DBP during stage 2 of
the Bruce protocol and recovery rather than SBP predict
incident CVD when adjusted for resting BP [25]. The other
study shows that Bruce stage 2 BP (submaximal exercise BP)
>180/90 mm Hg identifies normotensive individuals at higher
risk of CVD death, independent of rest BP [37].
3.2. Electrocardiograph (ECG). Abnormalities on ECG reflect
the electrical instability of the myocardium; therefore ECG
can be used for screening vulnerable myocardium, which
may lead to acute myocardial infarction [19]. Compared
to conventional risk factors corresponding to long-term
risk, ECG abnormalities are better for predicting shortterm risk [55]. Quantitative measures assessed from resting
ECG, ambulatory ECG, and stress ECG have been reported
for predicting subsequent CVD events and mortality. At
the present epidemiological studies, ECG abnormalities are
widely evaluated with the use of Minnesota Code (MC) or
Novacode (NC) [56].
3.2.1. Resting ECG. Abnormal ECGs relating to heart rate,
conduction, left ventricular mass, or repolarization are shown
to link to cardiovascular risk. The prognostic measures used
include increased heart rate, left ventricular hypertrophy
(LVH) [57], ST segment depression [58], negative T wave
[58], pathological Q wave [56], left bundle branch blocks

Computational and Mathematical Methods in Medicine

1.4

Stroke (%)

1.2
1
0.8
0.6
0.4

>130

120–129

110–119

100–109

90–99

80–89

70–79

60–69

50–59

0

<50

0.2

7

2.1
1.9
1.7
1.5
1.3
1.1
0.9
0.7
0.5

Heart rate category (bpm)

Adjusted OR

Figure 3: The risk of stroke versus heart rate groups. The heart rate
group of 60–69 bpm is used as the reference category. Reproduced
from [65].

(LBBB), arrhythmias (e.g., atrial fibrillation), QRS duration
[59], and QT interval prolongation [60]. Some studies have
tried to investigate pooled categories by combining some
of the abnormalities above for improving the prognostic
value. The pool categories used include major and minor
abnormalities [61], ECG strain pattern [62, 63], and ischemic
ECG findings (Minnesota codes I3, IV1–3, V1–3, or VII1) [64].
Large prospective cohort studies including the CRUSADE [65] and INVEST [66] show that the relationship
between resting heart rate and adverse cardiovascular outcomes follows a “J-shaped” curve. Figure 3 depicts the relationship between the risk of stroke and heart rate groups
in 135164 patients with acute coronary syndromes [65]. The
risk of stroke increases with heart rate below or above
the lowest point of 60–69 bpm. Other studies also show
that increased resting heart rate can be used as a strong,
graded, and independent risk factor for predicting incident
CVD, especially for the sudden death from MI [67, 68].
Further cohort trials including the BEAUTIFUL and SHIFT
studies prove that heart rate reduction benefiting from betablockers and other heart-rate lowering drugs is associated
with a reduction of mortality in patients with coronary artery
disease [69–71]. The possible pathophysiological mechanisms
for the effects of elevated rest heart rate include the direct
detriment on the progression of coronary atherosclerosis,
on the occurrence of MI and ventricular arrhythmias, and
on the left ventricular function [69]. A faster heart rate will
necessarily impose more shear stress than a slow one [67]
thus increases the likelihood of disruption of preexisting
atherosclerotic plaque [72], which may lead to the occurrence
of acute coronary artery disease.
ECG LVH may imply severe hypertension, which is
related to elevated cardiovascular risk [73]. Numerous
prospective cohort studies, including the Framingham study
and the LIFE study, prove the value of LVH diagnosed by ECG
criteria for predicting cardiovascular morbidity and mortality
in hypertensive patients [57, 74, 75]. The predictive value is
particularly great when repolarization abnormalities (i.e., ST
depression and negative T wave) are present [62, 63]. Antihypertensive treatment that can induce the regression of ECG

LVH will reduce the risk of CVD events, independent of how
much the BP is lowered [57, 74]. However, ECG is insensitive
when used alone for screening LVH; the criteria for diagnosis
of LVH are different [57]. Magnetic resonance imaging (MRI)
is used as a standard for left ventricular mass measurement
[76], while other techniques like echocardiography can also
be used for the diagnosis of LVH [57].
ST segment depression and negative T waves, reflecting repolarization abnormalities, are markers of ischemic
diseases. ST depression, isolated T wave abnormalities, and
combined ST-T change are indicated to be independent
predictors for cardiovascular death in substantial epidemiological data [56, 58, 77, 78]. Joint occurrence of ST-T change
in combination with ECG LVH is the ECG abnormality with
the greatest prognostic information for the future cardiac
incidents [62].
Q-wave abnormality indicates myocardial tissue damage.
It is usually used as a marker for identifying unrecognized
or “silent” cardiac disease (e.g., unrecognized MI) [55].
Evidences from clinical studies indicate that both Q-wave
alone and unrecognized MI diagnosed by ECG criteria based
on Q-wave show the value for predicting the risk of mortality,
heart failure, or stroke [56, 79, 80].
Composite variables such as major and minor abnormalities are used for the prediction of CVD events and mortality
in asymptomatic persons [61]. The Women’s Health Initiative
clinical trial including 14749 postmenopausal asymptomatic
women shows that the addition of ECG findings to the
FRS increased AUC from 0.69 to 0.74, which indicates an
improvement of the risk discrimination [61].
3.2.2. Ambulatory ECG. The prognostic values of ambulatory
heart rate parameters including increased daytime “nighttime” 24 h heart rate, increased night-to-day heart rate ratio
(heart rate nondipping), and decreased heart rate variability
(HRV) are recently studied. A cohort study with 6928 subjects
and with a 9.6-year followup shows that nighttime heart rate
predicts cardiovascular mortality (HR = 1.15) night-to-day
heart rate ratio predicts cardiac (HR = 1.23) and coronary (HR
= 1.17) outcomes, while 24 h and daytime heart rate provide
little prediction value for the identification of cardiovascular
risk (HRs are slightly greater or less than 1.0) [73]. Heart rate
variability (HRV) is affected by both vagal and sympathetic
modulation of the sinus node. Diminished HRV reflects a
decreased vagal activity, which increases the risk of death
[81]. In a clinical study, reduced HRV measured in standard
deviation of normal-to-normal intervals (SDNN) or lowfrequency power (LF) is shown to be independent predictors
of mortality after myocardial infarction or heart failure [82].
The Ohasama study shows that the RR for daytime HRV <
7.2 is 4.45 (𝑃 = 0.003), with the HRV > 14.0 as the reference
category, suggesting a strong predictive value for identifying
cardiovascular mortality [23]. Another study shows that
the impaired heart rate deceleration capacity is a powerful
predictor of mortality in postinfarction cohort, with a better
AUC (0.74) than SDNN (0.64) [81]. However, conventional
HRV indices lose predictive power in patients with MI, who
have treatment with betablocks and revascularization [82]. In
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summary, the prediction value of ambulatory heart rate now
remains low and somewhat controversial.
3.2.3. Stress ECG. The stress ECG measures, including STsegment deviation, failure heart rate increased, low heart rate
recovery, and exercise-induced abnormalities (e.g., ventricular ectopy), show independent predictive value for identifying
cardiovascular risk, even in patients with clinically normal
resting electrocardiograms [20, 83–85].
Descending ST-segment during exercise is used for
assessment of ischemia [86]. Exercise-induced ST-segment
depression ⩾1.0 mm of horizontal or down-sloping STsegment depression at 80 ms after the J point is considered
to be abnormal and is shown to be associated with sudden
cardiac death and all-cause mortality [83, 87]. However, most
of the adjusted HRs are only a litter more than 1. The isolated
ST-segmentation loses the prognostic value in asymptomatic
women [84].
Heart rate responses to exercise reflect the function of
autonomic nervous system and offer predictive value for
major CVD and total death [20]. Failure of the heart rate
to rise appropriately during exercise (termed chronotropic
incompetence) reflects a “blunted” sympathetic reaction [20,
86]. Abnormal chronotropic index ⩽0.80, not achieving
target heart rate, and exercise-induced heart rate increased
<89 bpm are shown to be independently predictive of MI,
CHD death, and all-cause mortality in large cohort studies
[84, 86, 88]. By contrast, reduced fall of the heart rate appropriately after exercise (termed reduced heart rate recovery)
reflects an increased sympathetic activity or lack of vagal
activity [20]. Reduced heart rate recovery with different cutoff values (e.g., <12, 18, 22, or 25 bpm after 1 min, <22 or
42 bpm after 2 min, and <50 after 3 min) is proved to provide
additional, independent prognostic information of mortality
[84, 88, 89]. A study shows that chronotropic incompetence
(with HR of 2.8) is a stronger predictor of cardiovascular
death than heart rate recovery (with HR of 2.0) [90]. In
summary, heart rate recovery is limited by the variable
recovery protocols and variable criteria for abnormality. It
needs a further refinement before being used in making
clinical decisions.
Quantitative measures of exercise-induced abnormalities,
including higher heart rate, more leftward QRS axis, longer
QT interval, and frequent ventricular ectopy in recovery, are
shown to provide modest additional prognostic value [83].
Another non-ECG measure in the stress test, reduced
exercise capacity, measured in metabolic equivalents (METs)
or exercise duration, is proved to be one of the strongest
predictors of cardiac and all-cause mortality among both
healthy persons and those with CVD [91, 92].
Composite variables by synthesizing the measures above
are used for predicting cardiovascular risk. For example,
a composite ECG score by the combination of heart rate,
conduction, left ventricular mass, and repolarization information in exercise ECG is adopted for improving the discrimination (C index increases 0.04) and the reclassification
of risk of mortality [83]. Duke treadmill score (DTS) by
the combination of exercise capacity, ST-segment deviation,
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and exercise-induced angina pectoris is used for the posttest
of risk stratification [93]. Another nomogram-illustrated
model, which takes account of additional demographics
(age, sex), simple risk factors (smoking, hypertension, and
diabetes), and exercise test predictors (heart rate recovery
and stress-related ventricular ectopy), is demonstrated to be
better than DTS at risk discrimination (C index, 0.83 versus
0.73) [20, 89]. More details can be seen in Table 2.
3.3. Arterial Stiffness. Arterial stiffness is a consequence of
arteriosclerosis, which integrates the effects of genetic background and long-term cumulative damage of cardiovascular
risk factors in the arteries [20, 26, 94]. On the other hand,
the increased arterial stiffness will lead to increased pulsatile
component of BP, which is a valuable factor in modulating atherosclerosis progression and atherosclerotic plaque
instability and thereby leading to acute coronary syndromes
and other vascular complications [94]. Commonly applied
methods for measuring arterial stiffness in epidemiological
studies conclude aortic pulse wave velocity (PWV) and pulse
wave analysis [95].
3.3.1. Aortic PWV. Aortic PWV is defined as the speed of
travel of the aortic pulse wave, which directly influences the
regional blood flow field around the plaque. It is calculated
as the distance between two selected sites divided by pulse
transit time [26]. The velocity of pulse wave propagation
turns to be fast when the arteries become stiff. Thus, PWV
reflects the arterial stiffness [20]. Measuring aortic PWV
from the carotid to the femoral artery (cfPWV) was regarded
as the clinical gold standard for assessing aortic stiffness
[26]. However, the clinical application of cfPWV is limited
by complicated measurement and the need to expose the
privacy region in patients. Brachial-ankle pulse wave velocity
(baPWV) is shown to be significantly correlated to cfPWV
and is widely used in Asia for its convenience measurement
[96].
Studies including a meta-analysis of 17 longitudinal studies analyze the increased aortic PWV as a strong independent
predictor of the risk of CVD events [26, 97]. The risk of
subjects with high aortic PWV is almost twice compared with
those with lower aortic PWV (the cut-off values for dividing
the high versus low stiffness groups are different from 8.2 to
17.7 m/s in different studies) [26]. It is increasingly used in
clinical practice [98]. When PWV is added to standard risk
factor models, the discrimination slope increases from 7.8 to
8.5 in Framingham study [99], while in Rotterdam study, the
area under ROC curve improves from 0.70 to 0.72 [100].
3.3.2. Pulse Wave Analysis. As shown in Figure 4, central BP
waveform is a sum of a forward traveling wave, generated by
ventricular ejection, and a reflected wave coming back from
the periphery [94]. Augmentation pressure (ΔP) is calculated
as the SBP (the peak of the observed wave) minus the
peak of the forward waveform. Thus, augmentation pressure
represents the additional SBP due to the wave reflection
[94]. Increased PWV due to increased arterial stiffness would
lead to the increased overlap between forward and backward
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Table 2: Sample of cohort studies reporting the independent predictive values of stress ECG measures.
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wave, which would enhance the augmentation pressure and
subsequently central SBP and pulse pressure [94]. Central
BP, pulse pressure, and aortic augmentation index (AIx)
therefore indirectly reflect the arterial stiffness. The pulse
pressure is calculated as SBP minus DBP, while the AIx is
expressed as ΔP to a proportion of the central pulse pressure,
PP (ΔP/PP), as shown in Figure 4 [94, 95].
There are researches demonstrating that central BP is
superior to brachial BP and brachial PP in the prediction
of CVD events in an unselected geriatric population and
hypertensive patients [101–103]. The predictive power is
stronger in the younger group than in the older group,
since aging will lessen pulse pressure amplification [102].
Pulse pressure is reported to be a weak predictor [33]. In
the geriatric population ≥65 years, brachial PP loses its
predictive power while central PP remains a valid predictor
of CVD events [101]. AIx predicts adverse cardiovascular
events in patients with established coronary artery disease
[104], predicts CHD in men undergoing angiography [105],
and predicts mortality in patients with end-stage renal failure
[106]. However, it yields conflicting results in patients with
systolic heart failure. In these kinds of people, patients with

lower values of central PP or AIx have more advanced systolic
dysfunction [107]. Besides, AIx is not a reliable measure
of arterial stiffness in people with diabetes [108]. A recent
study reports that reflected wave magnitude, but not AIx,
predicts cardiovascular death independent of cfPWV [109].
Other measures including ambulatory arterial stiffness index
(AASI) [110] and carotid pulse pressure (versus brachial pulse
pressure) [101] are studied within general populations.
As described above, reflective pulse wave analysis and
PWV are commonly used for measuring arterial stiffness.
However, they are different in the following: (1) wave
reflection analysis is sensitive to pulse wave velocity, the
wave reflection site, the duration and pattern of ventricular
ejection, changes in heart rate, and antihypertensive drugs,
while PWV reflects the inherent stiffness of the arterial wall
[95]; (2) AIx is considered to be a more sensitive marker in
younger individuals, while aortic PWV is a better predictor
in older individuals [111]; (3) aortic PWV may be more
useful for measuring long-term changes in arterial stiffness,
whereas wave reflection analysis reflects short-term changes,
for example, in the condition of therapeutic interventions
[95].
In therapeutic trials, destiffening strategies with the use of
antihypertrophic drugs, which have the benefit of reducing
wave reflections and subsequently lowering the central SBP
and PP, show significant reduction of cardiovascular risk
[94]. For example, diuretic and calcium antagonist which
with the effect of lowering central SBP and PP is better
than classic betablocker which reduces the peripheral SBP
only in lowering cardiovascular risk [94]. A recent study
indicates that vasodilatory antihypertensives have the effect
of reducing the central BP independently of the peripheral
BP [103].
3.4. Ankle-Brachial Index. Ankle-brachial blood pressure
index (ABI) is defined as the ratio of systolic pressure at the
ankle to that in the arm. It is another parameter for evaluating
structural and functional change in the vascular and is used
for measuring peripheral vascular disease. An abnormal
low ABI (⩽0.90) indicates the presence of peripheral artery
disease, which is defined as >50% stenosis, while an abnormal
high ABI (>1.40) indicates artery calcification. Mortality
risk increases both at abnormally low or high ABI. Slightly
abnormal values (0.91 to 1.10) also have a graded association
with CVD risk [20, 112].
Numerous epidemiological studies prove that an abnormal ABI is associated with an increased cardiovascular risk
[20, 113]. Figure 5 shows an association between mortality
and ABI groups in the Strong Heart study, which includes
4393 individuals aged 45–74 and followup of 8.3 ± 2.2 years
[27]. We can see that low ABI (⩽0.90) and high ABI (>1.40)
significantly improve the mortality risk. A metastudy by
following up of 24955 men and 23339 women shows that, for
a low ABI (⩽0.9) compared with a normal ABI (1.11 to 1.40),
the HR for 10-year cardiovascular mortality is 4.2 for men and
3.5 for women. When adjusted for FRS, the values are 2.9 and
3.0, respectively, indicating that, by adding the abnormal ABI
as a risk factor, the risk prediction extends beyond that of the
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FRS [113]. The MESA study shows that the AUC improved by
the addition of ABI to the FRS is 0.036 [114].
3.5. Blood Glucose. Elevated plasma glucose may cause several conditions that relate to the development of cardiovascular complications, such as thrombophilic condition,
endothelial dysfunction, and enhanced platelet adhesion [21].
The relationship between glucose level and cardiovascular
incident is graded and independent [115]. Cut-off values for
defining glucose abnormalities are modified recently with
regard to the risk of cardiovascular [116]. According to the
latest 2012 American Diabetes Association (ADA) criteria,
categories for glucose abnormalities classification are based
on fasting plasma glucose (FPG) and 2 h plasma glucose (2 h
PG) in the oral glucose tolerance test, as shown in Figure 6
[116]. Individuals whose FPG levels are of 5.6 mmol/L to
7.0 mmol/L are thought to have impaired fasting glucose
(IFG), while people with 2 h PG values of 7.8 mmol/L to
11.0 mmol/L are thought to have impaired glucose tolerance
(IGT). And those with either FPG of >7.0 mmol/L or 2 h PG
of >11.0 mmol/L are thought to have diabetes.
Hyperglycemia for cardiovascular risk prediction is
widely investigated in cohort studies. Diabetes is proven to
be established factors in predicting CVD risk and is widely
applied in clinical practice. Besides, cohort studies including
the Framingham Offspring Study and a meta-analysis suggest
that milder glucose abnormalities such as IFG or IGT are
also independent risk factors for predicting CVD though the
predictive values are small (HRs are slightly larger than (1)),
and the risk increases mostly in those with combined IFG and
IGT [115, 117, 118]. Some data show that 2 h PG is a better risk
predictor than IFG [118].

4. Initial Studies on Physiological Parameters
for Near-Term CVD Prediction
Researchers are trying to further identify the individuals who
are at high risk of developing near-term CVD events and
are in most urgent need of intervention [119]. To date, tools
to predict near-term cardiovascular risk after acute coronary
syndromes (ACS) are already available, such as the 7-point
Thrombolysis in Myocardial Infarction (TIMI) risk score
(for forecasting 30-day mortality) and the Global Registry of
Acute Coronary Events (GRACE) risk score (for assessing the
risk of six-month postdischarge death) [119]. However, there
is not an algorithm that can be used for forecasting near-term
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risk in asymptomatic populations. With the addition of new
sensitive risk factors that directly relate to the pathological
process of CVD may promote the development of near-term
prediction strategies.
58 international clinical experts from different groups
have shown that vulnerable patients characterized as vulnerable plaques (prone to thrombotic complications and rapid
progression), vulnerable blood (prone to thrombosis), and
vulnerable myocardium (prone to fatal arrhythmia) are those
people at high risk of developing acute cardiovascular events
[2]. Some cardiovascular parameters captured by physiological tests have been proved to be directly related to the process
of atherothrombotic plaque rupture, blood vulnerability,
and myocardial susceptibility. As mentioned before, blood
pressure, arterial stiffness, ABI, and blood glucose reflect the
regional blood flow field conditions (blood pressure, blood
velocity, and blood viscosity) of the blood vessels, which are
responsible for triggering plaque rupture and consequence
progression of CVD. ECG reflects the vulnerable property
of the myocardium, whose abnormalities often lead to acute
myocardial infarction. Therefore, physiological parameters
are those sensitive risk factors that directly relate to the
pathological process of CVD.
There are several prospective cohort studies showing the
evidences of using physiological parameters as risk factors for
predicting near-term risk of CVD events. The Cardiovascular
Health study shows that diabetes, SBP, atrial fibrillation (AF),
and ECG-defined LVH are associated with short-term risk
of stroke (with followup of 3.31 years) in older adults [120].
ABI is shown to be highly associated with one-year risk
of cardiovascular death in a cohort study with 6880 old
patients (OR adjusted by age and sex was 3.7) [121]. Aortic
augmentation pressure, a measure of arterial stiffness, is
shown to be significantly predictive of adverse cardiovascular
outcomes in 297 patients with coronary artery during 1.2–
3.3 years of followup [104]. Increased arterial wave reflection,
another measure of arterial stiffness, also proves to be highly
associated with severe short-term CVD events in 262 patients
undergoing percutaneous coronary intervention during 2year followup [122].
Therefore, in addition of emerging factors extracted from
physiological signals may be benefit for the assessment of
near-term CVD risk.

5. Developments in the Medical Devices for
Physiological Parameter Test
In daily clinical practice, physiological parameters of the
heart and arteries are measured from the body surface by
noninvasive or mini-invasive tests. For instance, resting ECG
is captured with the use of electrodes that adhere directly to
the surface of the skin. Ambulatory ECG is collected with
the use of a portable Holter [20]. Resting BP is examined by
clinical examination or home visit using a mercury sphygmomanometer or a validated digital automatic BP monitor with
placing a cuff on the brachial artery surface [40]. Ambulatory
BP monitoring is performed using an ambulatory BP monitor
with placing a cuff on the brachial artery surface [28]. PWV
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Figure 7: A health shirt designed in our research center for
capturing multiparameters including ECG, PPG, and cuffless BP.
Reproduced from [135].

is commonly collected using an applanation tonometry [123]
but can also be measured by Doppler probes [109] or MRI
[124]. Noninvasive arterial waveform measurement is generally obtained by placing an applanation tonometry on the
peripheral artery surface (carotid or radial artery). For ABI
monitoring, arm BP and ankle BP (posterior tibial artery) are
commonly collected by Doppler. Blood glucose measurement
is mini-invasive. Laboratory blood glucose value is collected
using biochemical analyzer. In electrochemical meters, the
concentration of glucose in the blood specimen is estimated
by detecting the charge generated by the oxidation reaction
using enzyme electrodes. When immediate blood glucose
monitoring is performed out of the laboratory, blood sample
is collected by piercing the skin (typically, on the finger) with
a needle then applying the blood to a disposable glucose
reagent strip. Compared to other modalities of tests for
early CVD prediction, such as imaging [15], genetic test
[16], and biomarker assay [17], noninvasive monitoring of
physiological parameters have the advantages of ease of use,
simple procedure, small cost, and low side effects.
In the past decades, novel unobtrusive monitoring methods have been invented to acquire physiological signals and
parameters without disturbing the subject’s daily life or even
without awareness, such as ECG, heart rate, BP, and blood
glucose. For ECG monitoring, noncontact sensors based on
capacitively coupled principle and embedded in furniture,
clothing, or wearable accessories provide an avenue for unobtrusive sensing of ECG [125]. The heart rate can be calculated
indirectly from signals that can be detected unobtrusively,
including ECG, photoplethysmography (PPG), and video
images of a subject’s face [126]. It can also be detected
directly using unobtrusive sensors. For example, it can be
detected remotely by microwave radar sensors based on
the Doppler effect [127]. For BP monitoring, advanced
technologies are focusing on developing methods that can
be used for capturing BP continuously and noninvasively
without using a cuff [125]. Radial pulse waveform acquired
by arterial tonometry [128] and pulse transit time (PTT)
measured from ECG and PPG signals [129, 130] provide two
promising techniques for continuous and cuffless BP monitoring. Technologies advanced in blood glucose detection
concentrate on developing needle-free, transcutaneous methods for noninvasive and continuous measurements. Potential technologies include impedance spectroscopy, reverse

iontophoresis, enzyme-based direct electron, transfer electrophoresis, near infrared spectroscopy, and photoacoustic
spectroscopy [131, 132]. Some of the technologies have been
integrated into wrist-worn devices, such as GlucoWatch
biographer, for unobtrusive measurement [133]. In addition,
there are no direct evidences showing the measurement of
arterial stiffness and ABI using unobtrusive devices. Radial
pulse waveform acquired by arterial tonometry suggests the
potential possibility of measuring arterial stiffness through
reflective pulse wave analysis. A study also introduces a novel
potential method for assessing arterial stiffness based on
finger height and PTT [134]. And the emergence of cuffless BP
measurement may also make assessing ABI with unobtrusive
devices become possible.
The captured physiological health information from
unobtrusive instruments can then be transmitted to a remote
clinical center using wireless communication technology. In
this way, the patient’s CVD status can be remotely monitored
in an out-of-hospital setting in real-time. Figure 7 provides an
example of a health shirt designed in our research center for
unobtrusively multiparameters monitoring including ECG,
PPG, and cuffless BP [135]. In this system, the garment is
made from e-textiles for ECG monitoring, and PPG detector
is embedded in the “watch-like” device. BP is estimated based
on PTT which is measured from ECG and PPG signals.
And all the health information is transmitted to a distanced
control center by wireless transmission.

6. Computer Modeling for
the Management of CVD
CVD is an extremely heterogeneous disease, with multiple
forms of phenotypes and disease mechanisms. Increased
technologies have provided the risk markers of the CVD
and the information of cardiovascular system in multimodalities and multiscales. High-resolution imaging can supply
the information of structure, component, and metabolism.
Genetic test and biomarker assay provide the information
at cellular, molecular, and protein levels. Physiological test
reflects the hemodynamics and electrophysiology of the
cardiovascular system. However, by means of current measurements of cardiac function are no longer specific enough
to identify exactly the type of CVD a patient may suffer.
Computer modeling supplies an opportunity for the fusion
of the multiscale information through an unified platform
for the understanding of CVD progress comprehensively
and precisely and even for predicting the CVDs. It has
been shown recently that computational models integrating
multiscale health information can provide a quantitative
assessment of the physiological and pathological activities
of organism from simulation environment. For example, the
Virtual Physiological Rat (VRP) Project develops computer
models that integrate disparate data of genomic, anatomic,
physiological, and so forth to explain and predict specific
functions and diseases [136]. A multiscale cardiac functional
modeling platform developed by the Heart Physiome Project
can be used for demonstrating the mechanisms that underlie
cardiac arrhythmia and fibrillation [137, 138]. The euHeart
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devices in the print are from [125, 133]. BP: blood pressure; HR: heart rate.

Project develops patient-specific cardiovascular modeling
frameworks for personalized and integrated cardiac care
[139]. Wang et al. develops an integrated model based on
tagged MRI data for better understanding of the underlying
passive ventricular mechanics that adapt to pathophysiological changes [140].

7. Discussion and Conclusion
After review, established and potential physiological risk
factors used for the early CVD prediction are systematically
summarized in Table 3. Predictive power, significance, and
limitations are also presented for each of the predictors in
the table. Currently, most of the studies assess the prognostic
values of physiological risk factors by reporting adjusted
HR, OR, or RR with CIs and P values. The results show
that measures extracted from blood pressure, ECG, arterial
stiffness, ABI, and blood glucose are statistically associated
with adverse CVD events. However, only a small number of
studies further report other more rigorous metrics such as
calibration, discrimination, and reclassification for assessing
the performance of a risk prediction model with the inclusion
of the new markers. There are also limited studies reporting
the effects on CVD events reduction by doing management
of these factors. Thus, more studies are needed to provide
more comprehensive measures before these risk factors to
be considered useful for providing incremental predictive
information over a standard risk assessment profile. It is
noteworthy that the new cardiovascular risk factors should
be validated before they are adopted in standard clinical care
according to the following phases [32]: initial proof of the
notion, prospective verification in independent individuals,
documentation of additional information when added to
established risk factors, evaluation of effects on patient

treatment and outcomes, and cost-effectiveness, which are
proposed by the American Heart Association.
Emerging factors captured by means of continuous or
long-term monitoring, such as visit-to-visit blood pressure
variability, elevated nighttime blood pressure, elevated nighttime heart rate, morning surge of blood pressure and heart
rate, chronotropic incompetence, and reduced heart rate
recovery, are proved to be with powerful prediction. This
indicates the prospective applications of unobtrusive medical
devices in the field of CVD prediction and management.
First, with the use of unobtrusive methods for the continuous,
real-time, and long-term collection of the physiological
signals and parameters, critical risk markers can probably
be extracted for predicting plaque rupture and acute CVD
events. Second, continuous and long-term collection of the
fluctuating health information before the near events will
help unravel the dynamic mechanism of the CVD progression. Third, unobtrusive devices are suitable for on-site
detection in out-of-hospital settings in real-time, which will
allow taking preemptive treatments in response to the acute
CVD events. However, as mentioned before, BP, ECG, and
blood glucose now can be monitored unobtrusively, and
arterial stiffness and ABI have also shown potential to be
monitored in an unobtrusive way. Besides, techniques such
as motion artifact elimination are needed to be overcome
to acquire high quality signals for reaching unobtrusive
monitoring in real life.
Current CVD prediction models are based on statistical
analysis of populations and can hardly provide a basis
for personalized prognosis because of the individual difference. Advancing technologies, such as high resolution
imaging [15], genetic test [16], biomarker assay [17], and
physiological monitoring, now can provide multiscale health
information of the heart, spinning from gene, protein, cell,
issue, organ, to the system levels. Computational models

Stress BP

ABPM

Resting BP

Blood glucose

Pulse wave analysis

Aortic PWV

Arterial Stiffness

Stress ECG

Ambulatory ECG

Resting ECG

ECG

BP

Physiological
parameters

cfPWV
baPWV
AIx
Central SBP
PP
Reflected wave magnitude
AASI
Diabetes mellitus
Impaired fasting glucose
Impaired glucose tolerance
Combined IFG & IGT

Resting heart rate
LVH
ST segment depression
Negative T wave
Pathological Q-wave
LBBB
Arrhythmias
Prolonged QRS duration
QT interval prolongation
Major and minor abnormalities
ECG strain pattern
Ischemic ECG findings
Composite ECG score
Nighttime heart rate
Night-to-day heart rate ratio
HRV
Exercise-induced ST-segment
depression
Chronotropic incompetence
Reduced heart rate recovery
Exercise-induced abnormalities
Composite ECG score
Exercise capacity
Duke treadmill score
Nomogram-illustrated model

Daytime BP mean
Nighttime BP
24-h mean BP
Night-to-day BP ratio
Night BPV
Day BPV
24-hour BPV
Sub maximal BP
Maximal BP
Recovery BP after exercise

Usual BP
Visit-to-visit BPV
Maximum BP

Predictors

+++

Provide additional prognostic information beyond normal resting ECG. Chronotropic
incompetence, reduced heart rate recovery, and exercise capacity are proved to be strong
predictors. The predictive values of others remain low. Heart rate recovery is still limited by
the variable recovery protocols and variable criteria for abnormality.

Strong, graded, and independent predictors. Technical advances in noninvasive and
continuous glucose monitoring are under development.

Offering wave reflection information. Indirect indicator of arterial stiffness.

++++
+
++
+++

Pressure dependent, without
+++
information of the wave reflection ++
and other artery geometry
information. Inaccurate
measurement of the distance.
++

++
+

The prediction value of ambulatory heart rate remains low and somewhat controversial. HRV
measures the vagal and sympathetic modulation of the sinus node.

Clinical gold standard for assessing aortic stiffness.
Widely used in large scale trials for its convenience measurement.

++++

++
+
++

Provide additional prognostic information in CV prediction beyond normal rest blood
pressure. The results remain controversial depending on different exercise BP indexes adopted.

Measures the electrical activity of the heart and relates to short-term risk of CVD. Resting
heart rate is a strong, graded, and independent risk factor. Repolarization abnormalities in
combination with LVH show great prediction value. Noncontact wireless ECG sensors based
on capacitively coupled principle are becoming washable and can be integrated in clothing or
wearable accessories for unobtrusive monitoring.

++++
+

+++++

Predictive
power

Measures the ambulatory blood pressure fluctuation. Provides additional important
information over clinic blood pressure. Elevated night-time BP is a better predictor of
cardiovascular risk than clinic BP, 24-hour BP means or daytime BP means. The predictive
values of reading-to-reading BPV still remain low and conflicting.

Measures the brachial artery cuff blood pressure. Strong risk factors for CV prediction.
Cuffless and continuous monitoring are under improvement.

Significance and limitations

Table 3: Established and potential physiological risk factors used for prediction of cardiovascular diseases.
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ABI < 0.9
ABI > 1.4

ABI

Significance and limitations

Table 3: Continued.
Predictive
power
++++
++++

Indicating the presence of peripheral artery disease
Indicating calcified arteries
BP: blood pressure; CV: cardiovascular; ABPM: ambulatory blood pressure monitoring; BPV: blood pressure variability; ECG: electrocardiogram; LVH: left ventricular hypertrophy; CVD: cardiovascular disease;
LBBB: left bundle branch blocks; HRV: heart rate variability; cfPWV: carotid femoral pulse wave velocity; baPWV: brachial-ankle pulse wave velocity; Aix: aortic augmentation index; SBP: systolic blood pressure;
PP: pulse pressure; AASI: ambulatory arterial stiffness index; ABI: ankle-brachial blood pressure index; IFG: impaired fasting glucose; IGT: impaired glucose tolerance.

Predictors

Physiological
parameters
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that integrate the multiscale health information provide a
pathway for a patient-specific quantitative assessment of the
physiological and pathological activities of the cardiovascular
system from a simulation environment [141]. Therefore, a
multiscale patient-specific model based on computer model
technology and information fusion theory is prospected to be
constructed for allowing the prediction of the cardiac mechanisms from observing signals. In this way, quantitative and
personalized assessment of the risk of developing CVD events
can be put into practice. In addition, the predictive value of
the physiological parameters and the advancing unobtrusive
technologies are used for real-time, on-site detection of the
physiological parameters, indicating the possibility for realtime risk prediction of the acute CVD events. Figure 8 depicts
a blue print of real-time prediction of sudden cardiovascular
events by physiological tests using unobtrusive technologies
and wireless communication technologies [125, 133].
In the future, a personalized quantitative risk assessment
and real-time prediction model for sudden CVD events
can be further studied and verified by constructing animal
models to mimic the cardiovascular disease progression
of plaque rupture, thrombosis, and adverse events, before
applying to persons. It is of great importance to develop
unobtrusive monitoring techniques to provide more accurate
and quantifiable prognostic information for screening of
vulnerable patients before the events occur. The application of
unobtrusive technologies may be widened for detecting other
risk factors that reflect the process of arteriosclerosis, such as
developing microfluid chips for biomarker analysis.
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[53] N. Kucukler, F. Yalçin, T. P. Abraham, and M. J. Garcia, “Stress
induced hypertensive response: should it be evaluated more
carefully?” Cardiovascular Ultrasound, vol. 9, no. 1, article 22,
2011.
[54] K. Ellis, C. E. Pothier, E. H. Blackstone, and M. S. Lauer, “Is
systolic blood pressure recovery after exercise a predictor of
mortality?” American Heart Journal, vol. 147, no. 2, pp. 287–292,
2004.
[55] E. A. Ashley, V. Raxwal, and V. Froelicher, “An evidence-based
review of the resting electrocardiogram as a screening technique for heart disease,” Progress in Cardiovascular Diseases, vol.
44, no. 1, pp. 55–67, 2001.
[56] Z. M. Zhang, R. J. Prineas, and C. B. Eaton, “Evaluation
and comparison of the minnesota code and novacode for
electrocardiographic Q-ST wave abnormalities for the independent prediction of Incident coronary heart disease and
total mortality (from the women’s health initiative),” American
Journal of Cardiology, vol. 106, no. 1, pp. 18–25, 2010.
[57] M. A. Bauml and D. A. Underwood, “Left ventricular hypertrophy: an overlooked cardiovascular risk factor,” Cleveland Clinic
Journal of Medicine, vol. 77, no. 6, pp. 381–387, 2010.
[58] N. Rumana, T. C. Turin, K. Miura et al., “Prognostic value of STT abnormalities and left high R waves with cardiovascular mortality in Japanese (24-Year follow-up of NIPPON DATA80),”
American Journal of Cardiology, vol. 107, no. 12, pp. 1718–1724,
2011.
[59] L. Oikarinen, M. S. Nieminen, M. Viitasalo et al., “QRS duration
and QT interval predict mortality in hypertensive patients
with left ventricular hypertrophy: the losartan intervention for
endpoint reduction in hypertension study,” Hypertension, vol.
43, no. 5, pp. 1029–1034, 2004.
[60] G. F. Salles, W. Deccache, and C. R. L. Cardoso, “Usefulness of
QT-interval parameters for cardiovascular risk stratification in
type 2 diabetic patients with arterial hypertension,” Journal of
Human Hypertension, vol. 19, no. 3, pp. 241–249, 2005.
[61] P. Denes, J. C. Larson, D. M. Lloyd-Jones, R. J. Prineas,
and P. Greenland, “Major and minor ECG abnormalities in
asymptomatic women and risk of cardiovascular events and
mortality,” Journal of the American Medical Association, vol. 297,
no. 9, pp. 978–985, 2007.
[62] C. T. Larsen, J. Dahlin, H. Blackburn et al., “Prevalence and
prognosis of electrocardiographic left ventricular hypertrophy,
ST segment depression and negative T-wave: the Copenhagen
city heart study,” European Heart Journal, vol. 23, no. 4, pp. 315–
324, 2002.
[63] P. M. Okin, R. B. Devereux, M. S. Nieminen et al., “Electrocardiographic strain pattern and prediction of cardiovascular
morbidity and mortality in hypertensive patients,” Hypertension, vol. 44, no. 1, pp. 48–54, 2004.
[64] D. De Bacquer, G. De Backer, M. Kornitzer, K. Myny, Z. Doyen,
and H. Blackburn, “Prognostic value of ischemic electrocardiographic findings for cardiovascular mortality in men and

Computational and Mathematical Methods in Medicine

[65]

[66]

[67]

[68]

[69]

[70]
[71]

[72]

[73]

[74]

[75]

[76]

[77]

women,” Journal of the American College of Cardiology, vol. 32,
no. 3, pp. 680–685, 1998.
S. Bangalore, F. H. Messerli, F. S. Ou et al., “The association
of admission heart rate and in-hospital cardiovascular events
in patients with non-ST-segment elevation acute coronary
syndromes: results from 135 164 patients in the CRUSADE
quality improvement initiative,” European Heart Journal, vol. 31,
no. 5, pp. 552–560, 2010.
R. Kolloch, U. F. Legler, A. Champion et al., “Impact of resting
heart rate on outcomes in hypertensive patients with coronary
artery disease: findings from the INternational VErapamil-SR/
trandolapril STudy (INVEST),” European Heart Journal, vol. 29,
no. 10, pp. 1327–1334, 2008.
M. T. Cooney, E. Vartiainen, T. Laakitainen, A. Juolevi, A.
Dudina, and I. M. Graham, “Elevated resting heart rate is an
independent risk factor for cardiovascular disease in healthy
men and women,” American Heart Journal, vol. 159, no. 4, pp.
612–619, 2010.
G. Parodi, B. Bellandi, R. Valenti et al., “Heart rate as an
independent prognostic risk factor in patients with acute
myocardial infarction undergoing primary percutaneous coronary intervention,” Atherosclerosis, vol. 211, no. 1, pp. 255–259,
2010.
K. Fox, J. S. Borer, A. J. Camm et al., “Resting heart rate
in cardiovascular disease,” Journal of the American College of
Cardiology, vol. 50, no. 9, pp. 823–830, 2007.
J. S. Borer, “Heart rate: from risk marker to risk factor,” European
Heart Journal supplements, vol. 10, pp. F2–F6, 2008.
K. Fox, R. Ferrari, M. Tendera, P. G. Steg, and I. Ford, “Rationale
and design of a randomized, double-blind, placebo-controlled
trial of ivabradine in patients with stable coronary artery
disease and left ventricular systolic dysfunction: the morBiditymortality EvAlUaTion of the If inhibitor ivabradine in patients
with coronary disease and left ventricULar dysfunction (BEAUTIFUL) Study,” American Heart Journal, vol. 152, no. 5, pp. 860–
866, 2006.
U. E. Heidland and B. E. Strauer, “Left ventricular muscle mass
and elevated heart rate are associated with coronary plaque
disruption,” Circulation, vol. 104, no. 13, pp. 1477–1482, 2001.
T. W. Hansen, L. Thijs, J. Boggia et al., “Prognostic value
of ambulatory heart rate revisited in 6928 subjects from 6
populations,” Hypertension, vol. 52, no. 2, pp. 229–235, 2008.
P. M. Okin, R. B. Devereux, S. Jern et al., “Regression of electrocardiographic left ventricular hypertrophy during antihypertensive treatment and the prediction of major cardiovascular
events,” Journal of the American Medical Association, vol. 292,
no. 19, pp. 2343–2349, 2004.
A. Oberman, R. J. Prineas, J. C. Larson, A. LaCroix, and N. L.
Lasser, “Prevalence and determinants of electrocardiographic
left ventricular hypertrophy among a multiethnic population
of postmenopausal women (The Women’s Health Initiative),”
American Journal of Cardiology, vol. 97, no. 4, pp. 512–519, 2006.
A. Jain, H. Tandri, D. Dalal et al., “Diagnostic and prognostic
utility of electrocardiography for left ventricular hypertrophy
defined by magnetic resonance imaging in relationship to
ethnicity: the Multi-Ethnic Study of Atherosclerosis (MESA),”
American Heart Journal, vol. 159, no. 4, pp. 652–658, 2010.
A. Kumar, R. J. Prineas, A. M. Arnold et al., “Prevalence,
prognosis, and implications of isolated minor nonspecific STsegment and T-wave abnormalities in older adults cardiovascular health study,” Circulation, vol. 118, no. 25, pp. 2790–2796,
2008.

Computational and Mathematical Methods in Medicine
[78] E. Z. Soliman, R. J. Prineas, L. D. Case et al., “Electrocardiographic and clinical predictors separating atherosclerotic
sudden cardiac death from incident coronary heart disease,”
Heart, vol. 97, no. 19, pp. 1597–1601, 2011.
[79] M. J. G. Leening, S. E. Elias-Smale, J. F. Felix et al., “Unrecognised myocardial infarction and long-term risk of heart failure
in the elderly: the Rotterdam study,” Heart, vol. 96, no. 18, pp.
1458–1462, 2010.
[80] E. Sigurdsson, G. Thorgeirsson, H. Sigvaldason, and N. Sigfusson, “Unrecognized myocardial infarction: epidemiology,
clinical characteristics, and the prognostic role of angina pectoris. the Reykjavik study,” Annals of Internal Medicine, vol. 122,
no. 2, pp. 96–102, 1995.
[81] A. Bauer, J. W. Kantelhardt, P. Barthel et al., “Deceleration
capacity of heart rate as a predictor of mortality after myocardial
infarction: cohort study,” The Lancet, vol. 367, no. 9523, pp. 1674–
1681, 2006.
[82] G. Kudaiberdieva, B. Görenek, and B. Timuralp, “Heart rate
variability as a predictor of sudden cardiac death,” Anadolu
Kardiyoloji Dergisi, vol. 7, no. 1, pp. 68–70, 2007.
[83] E. Z. Gorodeski, H. Ishwaran, E. H. Blackstone, and M. S.
Lauer, “Quantitative electrocardiographic measures and longterm mortality in exercise test patients with clinically normal
resting electrocardiograms,” American Heart Journal, vol. 158,
no. 1, pp. 61–70, 2009.
[84] S. Mora, R. F. Redberg, Y. Cui et al., “Ability of exercise testing
to predict cardiovascular and all-Cause death in asymptomatic
women: a 20-Year follow-up of the lipid research clinics prevalence study,” Journal of the American Medical Association, vol.
290, no. 12, pp. 1600–1607, 2003.
[85] Y. Nishiyama, H. Morita, H. Harada et al., “Systolic blood
pressure response to exercise as a predictor of mortality in
patients with chronic heart failure,” International Heart Journal,
vol. 51, no. 2, pp. 111–115, 2010.
[86] C. W. Israel, “Non-invasive risk stratification: prognostic implications of exercise testing,” Herzschrittmachertherapie und Elektrophysiologie, vol. 18, no. 1, pp. 17–29, 2007.
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A novel multi-instance learning (MIL) method is proposed to recognize liver cancer with abdominal CT images based on
instance optimization (IO) and support vector machine with parameters optimized by a combination algorithm of particle swarm
optimization and local optimization (CPSO-SVM). Introducing MIL into liver cancer recognition can solve the problem of multiple
regions of interest classification. The images we use in the experiments are liver CT images extracted from abdominal CT images.
The proposed method consists of two main steps: (1) obtaining the key instances through IO by texture features and a classification
threshold in classification of instances with CPSO-SVM and (2) predicting unknown samples with the key instances and the
classification threshold. By extracting the instances equally based on the entire image, the proposed method can ignore the
procedure of tumor region segmentation and lower the demand of segmentation accuracy of liver region. The normal SVM method
and two MIL algorithms, Citation-kNN algorithm and WEMISVM algorithm, have been chosen as comparing algorithms. The
experimental results show that the proposed method can effectively recognize liver cancer images from two kinds of cancer CT
images and greatly improve the recognition accuracy.

1. Introduction
With the development of computer technology, computer
aided diagnosis (CAD) [1] technology used in quantitative
analysis of medical imaging arose at the historic moment
and became one of the research hotspots in medical imaging.
Imageological diagnosis for liver cancer mainly includes four
ways, angiography, ultrasonic scan, computed tomography
(CT), and magnetic resonance imaging (MRI). In the early
diagnosis of liver cancer, the CT image is generally preferred
by the doctor [2] because of its high resolution, low damage
to human body, and the ability to reflect the pathological
position of liver cancer accurately. In traditional image
diagnosis, the diagnosis of a mass of CT images brings a
radiologist a huge workload. And an omission of a tiny detail
because of the differences of visions or experiences may cause
a wrong classification [3]. Moreover, liver cancer has the

characteristics of difficult treatment, poor curative effect, and
high mortality. So, it urgently needs liver cancer CAD to give
advisory opinions to the doctor and help improve the correct
diagnostic rate.
Traditional liver cancer recognition methods in CAD can
be roughly divided into two categories, learning-based classification and nonparametric classification. The approach of
learning-based classification mainly includes Bayesian-based
approach [4], SVM-based approach [5, 6], and ensemble
learning approaches [7, 8]. In these methods, the classified
image is the entire medical image [9], and the input features
for classifier are usually from the region of interest (ROI).
For example, the ROI of a liver cancer samples is the tumor
region. However, the segmentation results of tumor region
are always not accurate because the contrast of tumor regions,
image artifacts, and other organizations is not obvious. This
results in the fact that the tumor features extracted from ROIs
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are not accurate. Finally, it will have a great influence on
classification accuracy.
As for the above-mentioned problems, Hu et al. [10]
introduced MIL first to the classification of breast tumors in
ultrasound images. Using MIL can more clearly express the
image with both tumor region and normal region, so as to
solve the problem of multiple ROIs classification. However,
Citation-kNN algorithm used in [10] has two problems.
(1) Not considering the distribution characteristics of the
images, such as relative distance, scattered degree, and
sparse degree. It results that the classification accuracy
is not high.
(2) As a lazy learning algorithm, Citation-kNN needs to
save the whole training set and go through the whole
sample space when predicting. So it will cost a lot of
time when classifying.
MIL was first proposed by Dietterich et al. in the context
of drug activity prediction [11]. Since MIL was put forward, a
lot of related learning algorithms have been proposed. Maron
and Ratan [12] defined diverse density function and proposed
Diverse Density (DD) algorithm by seeking optimal point of
diverse density function as a concept point in the instances’
attribute space. Zhang and Goldman [13] proposed EM-DD
algorithm by combining DD algorithm with the Expectation
Maximization (EM). Wang and Zucker [14] improved the Knearest neighbor (kNN) algorithm and proposed two lazy
learning algorithms named Bayesian-kNN algorithm and
Citation-kNN algorithm. Andrews et al. [15] proposed miSVM algorithm and MI-SVM algorithm by introducing the
MIL constraints to the objective function of SVM. Gartner et
al. put forward MIL kernels, such as set kernels and statistic
kernels, which are used to measure the similarity between
two bags, and then the MIL problem will be transformed
into traditional SVM learning problem. Chen and Wang
[16] proposed DD-SVM MIL algorithm through the space
conversion method. Zhou and Xu [17] proposed MissSVM
algorithm using a special semisupervised SVM for MIL.
Huang [18] studied the combination of SVM and MIL
(SVM-MIL) further and proposed an SVM-MIL method
named WEMISVM. They converted MIL problem to the traditional single instance learning problem through dissolving
of every bag and labeling its instances a consistent value
with each bag’s label. In the training phase, they regarded
the average of the instance possible values calculated by
voting method in ensemble learning as the label of the target
bag. However, applying WEMISVM method to liver cancer
recognition has a big problem. WEMISVM method assumes
that the instances in one bag are independent of each other,
and each instance has the same influence on its bag’s label.
While in fact each instance has a different influence on its
bag’s label, for example, the liver cancer block should have
much influence on the label of the liver cancer image than
the other blocks. In addition, the classification accuracy of
WEMISVM method on 14 data sets is also not very high.
SVM is a supervised classifier which aims at finding
hyperplane that separates the dataset with maximum margin
[19]. The SVM parameters directly affect the learning ability

and generalization ability of the classifier. So the improvement of SVM is usually realized by the optimization of SVM
parameters. Recently there are many algorithms for SVM
parameters optimization, such as genetic algorithm (GA), ant
colony optimization (ACO), and particle swarm optimization
(PSO). PSO has a high precision and fast convergence rate,
so it is generally used in parameter optimization. However,
in this paper, every sample needs to use the parameters
optimization once, which means that using this method for
parameter optimization will consume a lot of time. local
optimization (LO) can reduce the time for optimization when
there is a good reference point. So we use a combination algorithm of particle swarm optimization and local optimization
(CPSO) to optimize the parameters.
In order to obtain a classifier with high classification accuracy and low time complexity for liver cancer recognition,
we use MIL method to solve multiple ROIs classification
problem, use the idea of bag dissolution to convert MIL
problem into a single instance learning problem, use CPSOSVM to obtain the label of the target bag, and use ensemble
learning method to improve the classification performance,
and finally we proposed the SVM-IOMIL algorithm. The
advantages of our algorithm are as follows.
(1) The instances are extracted equally based on the entire
image, so our method can ignore the process of tumor
region segmentation and lower the requirements of
liver region segmentation accuracy.
(2) Through two-time instance optimization to find the
key instances and the modified CPSO-SVM classifier
to classify, our method greatly improved the recognition accuracy of liver cancer.
The rest of this paper is arranged as follows. Section 2
gives a simple description of SVM and MIL and a specific
description of our proposed algorithm. Results and discussion of our method are presented in Section 3. Section 4
concludes this paper and expounds our future work.

2. Materials and Method
2.1. Multiinstance Learning. In the field of machine learning,
according to the ambiguity of training data, this field can be
roughly divided into three learning frameworks: supervised
learning, unsupervised learning, and reinforcement learning.
As a new learning framework, MIL [10] is the new weak
supervised learning method presented by Dietterich et al. to
solve the problem of molecular activity prediction. It can be
described as follows.
We suppose that each data in the training data set is a
bag, which is a set of instances, and each bag has a training
label, while the instances in the bag are not labeled. If a bag
is labeled positive, there will be at least one positive instance
in the bag. If a bag is labeled negative, all of the instances
in it are negative. The goal of MIL algorithm is to train a
classifier, which can classify unseen bags correctly by learning
the training bags. MIL framework is shown in Figure 1.
2.2. Support Vector Machine. In the 1990s, Vapnik [20]
proposed SVM theory for solving classification problems.
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In this way, we only need to operate the dot product which
can be realized by the function 𝐾 in the original space, and
there is no need to know the form of the transformation
Φ. According to the related functional theory, if and only
if 𝐾(𝑥𝑖 , 𝑥𝑗 ) satisfies the Mercer constraint [20], the kernel
function 𝐾(𝑥𝑖 , 𝑥𝑗 ) would be corresponding to an inner dot
product in some transformation space.
Therefore, though introducing the kernel function, the
discriminate function for binary classification is redefined as
𝑁

Figure 1: MIL framework diagram.

𝑓 (𝑥) = sgn (∑𝑤𝑖∗ 𝑦𝑖 𝐾 (𝑥𝑖 , 𝑥) + 𝑏∗ ) ,

(3)

𝑖=1

The theory is based on VC dimension theory and structural
risk minimization in statistical learning theory (SLT). In
order to obtain the best classification performance and
promotion capability, the theory uses the information of
limited instances to seek the best compromise between the
complexities of the model. Since SVM has shown a good
learning ability, performance, and the ability of generalization, it causes great attention to the field [21].
SVM is a supervised classifier which aims at finding hyperplane that separates the dataset with maximum margin. Suppose that the training sample set is
{(𝑥1 , 𝑦1 ), (𝑥2 , 𝑦2 ), . . . , (𝑥𝑛 , 𝑦𝑛 )}, where 𝑥𝑖 ∈ 𝑅𝑚 (𝑖 = 1, 2, . . . ,
𝑛) stands for the 𝑖th sample, 𝑛 is the number of training
samples, and 𝑦𝑖 ∈ {−1, 1} is the corresponding category
label. Before training, it needs to map the input vector
to a high-dimensional feature space 𝐻 using a mapping
function. Then, in this high-dimensional space, it needs
to construct hyperplane which has the largest classification
interval, namely, the optimal hyperplane, to ensure minimum
classification error rate.
The classification surface equation is 𝑤⋅𝑧+𝑏 = 0, and then
we obtain a mapping Φ : 𝑅𝑚 → 𝐻. The objective function is
shown as
𝑁

1
min 𝐿 (𝑤) = ‖𝑤‖2 + 𝐶∑𝑠𝑖 𝜉𝑖 ,
2
𝑖=1
𝑦𝑖 (𝑤𝑧𝑖 + 𝑏𝑖 ) ≥ 1 − 𝜉𝑖 ,

𝑠𝑖 > 0,

(1)

𝜉𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑁.

In (1), 𝐶 is the penalty factor, 𝜉𝑖 is the relaxation factor,
and 𝑠𝑖 is the coefficient of Lagrange.
The optimal hyperplane can be obtained by quadratic
optimization. When the number of features is extremely
huge, in order to solve the objective function effectively, we
can transform the objective function into the corresponding
dual forms.
Let the optimal solution be 𝑤∗ ; thus the discriminate
function for binary classification is defined as
𝑓 (𝑥) =

𝑁

sgn (∑𝑤𝑖∗ 𝑦𝑖 𝑧𝑖
𝑖=1

∗

+ 𝑏 ).

(2)

When we construct the optimal hyperplane in the feature
space 𝐻, the training algorithm only uses the dot product in
the space, Φ(𝑥𝑖 ) ⋅ Φ(𝑥𝑗 ). So, the only thing we need to do is
finding a function 𝐾 which satisfies 𝐾(𝑥𝑖 , 𝑥𝑗 ) = Φ(𝑥𝑖 ) ⋅ Φ(𝑥𝑗 ).

where 𝑏∗ is any 𝑤𝑗∗ which satisfies the constraint 𝐶 > 𝑤𝑗∗ > 0.
Putting it into (3), we obtain
𝑙

𝑦𝑗 (∑𝑤𝑖∗ 𝑦𝑖 𝐾 (𝑥𝑖 , 𝑥) + 𝑏∗ ) = 1.

(4)

𝑖=1

2.3. Liver Cancer Recognition Based on SVM-IOMIL. In this
section, firstly we will introduce the whole procedure of the
proposed method, which is shown in Figure 2, and then we
will give a detailed explanation of each process.
In this paper, SVM-IOMIL𝑖 (𝑖 = 1, 2, 3) stands for
three classifiers used for different datasets. SVM-IOMIL1 is
a classifier for liver cancer and normal liver, SVM-IOMIL2
is a classifier for liver cancer and liver cirrhosis, and SVMIOMIL3 is a classifier for liver cancer and liver cyst.
The process of the proposed method is as follows.
(1) Image Preprocessing. Before the preprocessing, we
extract the liver region manually from the abdominal
CT image. Then we normalize the images and process
them with histogram equalization after extraction.
(2) Instance Extracting. We regard the liver CT image
extracted by the first process as a bag and the block
extracted equally based on the entire liver CT image
as an instance.
(3) Feature Extraction. In this paper, we use Gray Level
Concurrence Matrix (GLCM) to extract the features
for classification.
(4) Instance Optimization. We use two-time instance
optimization and CPSO-SVM to extract the instances
and get the key instances finally.
(5) Predicting the Unknown Samples. We use the key
instances and a classification threshold to predict the
unknown samples.
2.3.1. Preprocessing. Preprocessing includes image normalization and histogram equalization. As MIL algorithm does
not require segmentation accuracy, we extract the liver region
manually. The inaccurate sections of liver region are marked
with a red curve in Figure 3(a).
In the procedure of image normalization, according to
the location of the liver in the image and the experimental observation, we normalize the size of the images to
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Training sample set
(CT images)

Testing sample set
(CT images)

Preprocessing

Preprocessing

Instance extracting

Instance extracting

Feature extracting

Feature extracting

The first instance
optimization

The first instance
optimization

Instance marking

The second instance
optimization
Training sample set S
with labeled instances
(instance )

instances. Therefore, a nonmalignant liver instance can exist
in a liver cancer image or a nonmalignant liver image, while a
liver cancer instance can only exist in a liver cancer image.
The bag is defined as positive if there is at least one liver
cancer instance in the CT image. Otherwise it will be defined
as negative.
2.3.3. Feature Extraction. Angular second moment (ASM)
can reflect an image’s uniformity degree of grayscale distribution and the texture roughness. Entropy (ENT) can show
the texture complexity of an image. Contrast (CON) can
reflect the sharpness of the image and the depth of groove in
texture. Correlation (COR) can show the correlation of local
grayscale in an image. Therefore, we extract features from 8
matrices which are from 4 directions 𝜃 = {0∘ , 45∘ , 90∘ , 135∘ }
and 2 distances 𝑑 = {1, 2} by Gray Level Concurrence
Matrix (GLCM) for each instance. Finally we choose the
mean and variance of 4 texture features, which are ASM, ENT,
CON, and COR, respectively, in 2 distances as the experiment
features. The design equations for the texture features are
shown as
2

Testing sample set T
with nonlabeled
instances (instance)

ASM = ∑∑𝐼(𝑖, 𝑗) ,
𝑖

𝑗

ENT = −∑∑𝐼 (𝑖, 𝑗) lg𝐼 (𝑖, 𝑗) ,
𝑖

Liver cancer classifier
based on SVM-IOMIL

The ratio p of instances
in a bag whose predict label is −1
satisfies p > P
No

Normal liver

(5)

2

CON = ∑∑(𝑖 − 𝑗) 𝐼 (𝑖, 𝑗) ,
𝑖

Yes

𝑗

Liver cancer

Figure 2: The main flow of the proposed method.

339 × 339. The result of the image after normalization is shown
in Figure 3(b).
In order to make the image texture characteristics clearer,
we process the CT images with histogram equalization, as
a result we highlight the difference between two categories
of images. The result of histogram equalization is shown in
Figure 3(c).
2.3.2. Instance Extraction. In order to extract the instances,
firstly we define the CT image after preprocessing as a bag,
and then we define the bag structure through extracting the
blocks equally based on the entire liver CT image and define
each block as an instance. The bag structure is shown in
Figure 4.
The tumor block will be defined as a liver cancer instance,
while the others will be defined as nonmalignant liver

COR =

𝑗

[∑𝑖 ∑𝑗 ((𝑖𝑗) 𝐼 (𝑖, 𝑗)) − 𝑢𝑥 𝑢𝑦 ]
𝜎𝑥 𝜎𝑦

,

where 𝐼(𝑖, 𝑗) is the element of the image, and 𝑢𝑥 , 𝑢𝑦 , 𝜎𝑥 , 𝜎𝑦 is
defined as follows, respectively: 𝑢𝑥 = ∑𝑖 ∑𝑗 𝐼(𝑖, 𝑗), 𝑢𝑦 =
∑𝑖 𝑖 ∑𝑗 𝐼(𝑖, 𝑗), 𝜎𝑥 = ∑𝑖 (𝑖 − 𝑢𝑥 ) ∑𝑗 𝐼(𝑖, 𝑗), and 𝜎𝑦 = ∑𝑗 (𝑗 −
𝑢𝑦 ) ∑𝑖 𝐼(𝑖, 𝑗).
2.3.4. Instance Optimization. Before marking the instances,
in order to minimize the interference of background and
reduce the cost of operation, we optimize the instances for the
first time. After marking the instances, in order to improve
the classification performance, we optimize the instances for
the second time.
(1) The First Instance Optimization. The ASM value of the
background block, which is the block without liver region,
is 1, while the ASM value of the block with the liver
region cannot be 1. So, according to the ASM value, we can
determine whether the current instance is background block
or not. If it is background block, we abandon the instance
directly to remove interference or we reserve it temporarily.
We labeled the instance with the label of the bag which
the instance belongs to. Furthermore if the instance reserved
after the first instance optimization is in a positive bag, we
mark it to 1; otherwise, we mark it to −1. After the first
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(a)

(b)

(c)

Figure 3: Preprocessing for liver CT images. (a) Liver region. (b) Normalization result. (c) Histogram equalization result.

where 𝐶 is the penalty factor. 𝜉𝑖 is the relaxation factor. 𝑎𝑗
is the parameter used for instance extraction and its default
value is 0.
The process of classifier construction for liver cancer and
normal liver is as follows:
input: the training set 𝐷 which contains the labeled
training bags;
output: SVM-IOMIL1 classifier (𝑤∗ , 𝑏∗ ).
Step 1. Set the instances attribute space 𝑆 = 0 and then extract
instances in 𝑆.

Figure 4: Bag structure sketch.

instance optimization, the image with instance label is shown
in Figure 5.
(2) The Second Instance Optimization. Figure 5 illustrates that
some instances have less liver region and more background.
This leads to the classification interference. So we improve
the algorithm further. Firstly, in training phase, we choose
the instances classified correctly in the bags which have
the higher classification accuracy as “excellent instances.”
Secondly, we store the “excellent instances” into a new
training set. Then we determine the category of instances and
bags according to the new training set. In this way, we have
improved the accuracy of recognition. The second instance
optimization must be processed through experiments, so we
do not know the result in advance. Figure 6 shows a possible
case.
2.3.5. Construction of Liver Cancer Classifier. 𝑁 is the total
number of instances and 𝑁 = ∑𝑙𝑖=1 𝑛𝑖 , 𝑛𝑖 is the amount
instances in 𝑖th bag. According to the character of liver cancer,
we redefine the objective function for SVM as
𝑁
1
min 𝐿 (𝑤) = ‖𝑤‖2 + 𝐶∑𝑎𝑗 𝜉𝑖 ,
2
𝑖=1

𝑦𝑖 (𝑤 + 𝑏𝑖 ) ≥ 1 − 𝜉𝑖 ,

𝑎𝑗 ∈ {0, 1} ,

𝜉𝑖 ≥ 0, 𝑖 = 1, 2, . . . , 𝑁,

(6)

Step 2. For all 𝐵𝑖 ∈ 𝐷, 𝐵𝑖 is a bag and 𝐵𝑖𝑗 is the 𝑗th instance of
the bag 𝐵𝑖 .
If 𝐵𝑖 is a positive bag, we classify the instance 𝐵𝑖𝑗 reserved
after the first instance optimization in this bag, by SVM
classifier. We label the “excellent instance” to 1, set the
parameter 𝑎𝑗 to 1, and add them to 𝑆.
If 𝐵𝑖 is a negative bag, we classify the instance 𝐵𝑖𝑗 , and then
we label the “excellent instance” to −1, set the parameter 𝑎𝑗 to
0, and add them to 𝑆.
Step 3. Optimize the parameters of the SVM classifier by
choosing the best penalty factor 𝐶 and the kernel function’s
control factor 𝑔.
Step 4. Set 𝑆 as the training sample set and train the SVMIOMIL1 classifier (𝑤∗ , 𝑏∗ ) according to (6).
Step 5. If 𝐵𝑖 is not the last instance, then go to Step 2.
Otherwise, we get our classifier and the key instances which
is a set of the “excellent instances.”
The SVM-IOMIL2 classifier for liver cancer and liver
cirrhosis and the SVM-IOMIL3 classifier for liver cancer and
liver cyst are the same as SVM-IOMIL1 , so there is no need
to repeat them here.
2.3.6. Prediction Algorithm for Classification. After the classifier construction, we use the liver CT images which are not
used in training to test the classifier as follows:
input: training sample set 𝑆 and testing sample set 𝑇
which contains the unlabeled test bags;
output: the classification result of the test bag 𝐵.

6

Computational and Mathematical Methods in Medicine

(a)

(b)

Figure 5: Result of the first instance optimization. (a) Instance label for liver cancer image. (b) Instance label for liver cyst image.

(a)

(b)

Figure 6: Result of the second instance optimization. (a) Instance label for liver cancer image. (b) Instance label for liver cyst image.

Step 1. Put the test bag 𝐵 contained in testing sample set 𝑇
into SVM-IOMIL1 classifier (𝑤∗ , 𝑏∗ ).
Step 2. Predict the reserved instance after the first instance
optimization in test bag 𝐵 according to (3).
If the ratio that the label of the instance in test bag 𝐵
predicted to be −1 is larger than threshold 𝑃, the test bag 𝐵
will be a negative bag; otherwise, it will be a positive bag.

3. Results and Discussion
3.1. The Experimental Data and Environment. The original
data are 440 abdominal CT images provided by the radiology
department of a large hospital in Shenyang, China. These
images are abdominal CT images with a resolution of 512 ×
512 pixels, which are BMP format. After preprocessing, the
images we use in the experiments are liver CT images with a
resolution of 339 × 339 pixels and their format is BMP. The

Table 1: Datasets used in our experiments.
Images
Liver cancer
Normal cancer
Liver cirrhosis
Liver cyst

Training samples
40
60
60
60

Testing samples
40
60
60
60

Total
80
120
120
120

images include 120 normal liver cases, 120 liver cyst cases, 120
liver cirrhosis cases, and 80 liver cancer cases. The datasets
used in this paper are shown in Table 1.
In this paper, we divide each kind of the images into
two parts randomly and equally. One part is regarded as a
potential sub-set of the training set, and the other one is the
part of the potential subset of the testing set. The training set
consists of one part of the liver cancer images and one part
of other images. We divide the original testing data randomly
into 5 groups and then we regard the data in one group as

current validation set and the data of the key instances as
training set. Finally, we use the average value of the validation
set’s evaluation criterion in these 5 groups as the classifier’s
performance evaluation criterion.
Experimental environment is as follows: Intel(R) Core
(TM) i7-2600 CPU @3.4 GHz, 4 G RAM, 900 G hard disk,
Windows7 OS, and MATLAB 7.14 simulation environment.
3.2. Evaluation Criterion for Classification Performance. In
experiments, we use accuracy (ACC), sensitivity (SEN),
specificity (SPE), processing time (PT), and training time
(TT) to evaluate classification performance of the liver cancer
recognition experiment. The definitions of the evaluation
criterion are shown as

TN
,
(TN + FP)

where TP and FN are the number of positive samples
discriminated right and wrong, respectively, and TN and FT
are the number of negative samples discriminated right and
wrong, respectively.
Sensitivity mainly represents the recognition accuracy of
liver cancer. Specificity represents the recognition accuracy of
nonmalignant liver.
Processing time (PT): the time from inputting images
to extracting features.
Training time (TT): the time from acquiring the
information of feature data to acquiring the result of
classification.
3.3. Experimental Results and Analysis
3.3.1. Determining the Best Block Length. When we regard
the blocks which we segmented equally based on the entire
liver CT image as instances, the size of the block has a
great influence on classification results. In order to obtain an
objective data, we do multigroup experiments on different
block length based on the existing Citation-kNN algorithm.
The experimental results are shown in Figure 7.
Analyzing the experimental data from Figure 7, we obtain
the following conclusions. (1) The smaller the size of block is,
the more the number of instances is and the more the PT is,
but the effect on ACC is small. (2) When the size of blocks is
small, with the block length increasing, ACC increases. When
the size of blocks is bigger than 113, with the block length
increasing, ACC decreases. When the size of block is 169.5,
ACC decreases sharply.
The reasons are as follows. (1) The more blocks lead to
more time for feature extraction, so the PT increases. (2)
Using a smaller block length means fewer pixels in the block,
and GLCM is statistics-based texture features. Therefore it
does not reflect the statistical properties. Furthermore the

84.75

113

169.5

ACC
PT (s)

Figure 7: Classification results on different block length.

Classification performance
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(7)
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Figure 8: Classification results on different thresholds.

speckle noise is also easy to affect the quality of feature extraction and ultimately makes ACC decrease. After that, through
the increasing block length, the amount of information in a
block increases, and ACC gradually increases. But to a certain
amount, since the block is too large, much more complex
texture information will be mixed; ACC decreases instead.
Considering PT and ACC, we obtain the best classification
effect when the block length is 113.
3.3.2. Determining the Threshold. The instances in a liver
cancer image are not all tumor blocks. In fact few of them
are tumor blocks. So the threshold 𝑃 should be in [0.5,1].
We do 9 groups of experiments with different threshold 𝑃,
and the minimum increase margin is 0.01. The comparison
of experimental results is shown in Figure 8.
In Figure 8, when 𝑃 varies from 0.6 to 0.85, ACC increases
obviously; when 𝑃 is 0.86, ACC is the best; when 𝑃 continues
to increase, ACC decreases instead. As a whole SEN increases
firstly and then decreases, SPE decreases firstly and then
increases. They can achieve a balance when ACC is the best.
The reasons are as follows. When 𝑃 is smaller, it means
that we regard more liver cancer cases as nonmalignant liver
cases, and this will produce a large number of false positive
bags. As a result, all the nonmalignant liver cases can be
recognized correctly, but ACC of liver cancer cases is very low.
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3.3.4. Experimental Results by SVM-IOMIL with Different
Classification Samples. The classification sample sets are liver
cancer and normal liver, liver cancer and liver cyst cases, and
liver cancer and liver cirrhosis, and we represent them by A,
B, and C, respectively. The experimental results are shown in
Figure 11.

9.0861

8.0861

7.5861

ACC
SEN
SPE

Figure 9: Classification results with different values of 𝐶.

Figure 10: Classification results with different values of 𝑔.

1
Classification performance

3.3.3. Parameter Optimization for SVM. Parameter optimization undoubtedly can improve the accuracy of classification
when we use SVM for classification. There are many parameters in SVM, and they always have a default value. But we
cannot get the desired effect in many cases with the default
values. So we optimize the parameters 𝐶 and 𝑔 in order
to achieve the optimal classification results. Firstly, we get
the best 𝐶 and 𝑔 when we classify the bag with “excellent
instance” by PSO algorithm. Then we use LO to get the final
optimal SVM parameters. The process of LO is as follows.
The values of 𝐶 generally focus on the scope of 25 to 27 in
the bag with “excellent instance,” and 𝑔 focus on the scope of
3 to 10. We choose one pair of the parameters, 𝐶 = 26.3635
and 𝑔 = 5.0861, as the initial parameters. Figure 9 shows
the classification results with different values of 𝐶 when 𝑔
is 5.0861, and Figure 10 shows the classification results with
different values of 𝑔 when 𝐶 is 26.8635.
In Figure 9, with the change of the value of 𝐶, the effect
on ACC is not obvious, and the best 𝐶 we choose is 26.8635.
SPE and SEN are always one increased and another decreased,
but they can achieve a better result relatively when ACC is the
best.
In Figure 10, the value of 𝐶 is 26.8635. When the value of
𝑔 is increasing, ACC increases. When 𝑔 is bigger than 6.9861,
ACC decreases following the increasing of 𝑔. Thus, we obtain
the best ACC when 𝐶 is 26.8635 and 𝑔 is 6.9861. Although
SEN and SPE have some fluctuation, they achieve a satisfying
result when ACC is the best.

7.1861

g

ACC
SEN
SPE

When 𝑃 is a certain value, we can recognize the liver cancer
better. Through analysis of the experiment results, when 𝑃 is
0.86, we get the best classification effect.
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Figure 11: Classification results with different samples.

As we can see in Figure 11, the proposed classification
algorithm has generality. It has a high ACC, SEN, and SPE for
the three different samples. The ACCs for the three different
samples are all over 98%. And the inputting of experimental
data and processing of the three experiments are similar, so
PT and TT are the same for different samples.
3.3.5. Comparison between Our Algorithm and Other Algorithms. Several contrast experiments are carried out with
the same feature data and different algorithms in this paper.
The algorithms are Citation-kNN algorithm with minimum Hausdorff distance, the traditional SVM algorithm,
WEMISVM algorithm, and our algorithm. The classification
results of these algorithms are shown in Figures 12 and 13.
As Figure 12 shows, ACC, SEN, and SPE of our algorithm
are higher than those of the other three algorithms obviously.
As for PT, the traditional SVM algorithm is much less
than the other three algorithms. Citation-kNN algorithm,
WEMISVM algorithm, and our algorithm are all MIL algorithms, while the SVM algorithm is a traditional single
instance algorithm. The MIL algorithm needs to extract more
instances, but the traditional algorithm needs one.

Classification performance
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segmentation accuracy. However, the processing speed of our
algorithm is lower than traditional SVM algorithm because
our algorithm is a MIL algorithm. Obviously, MIL algorithm
will extract features for more objects than the traditional
single instance classification algorithm, so it certainly needs
more time for image processing. This is also the main problem
of MIL algorithm at present. Besides, our algorithm is only
used in binary classification problems. In the future, we will
explore some methods to reduce the time complexity of the
MIL algorithm and come up with a new classification method
to solve the multiclassification problems.
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Ultrasound is currently widely used in clinical diagnosis because of its fast and safe imaging principles. As the anatomical structures
present in an ultrasound image are not as clear as CT or MRI. Physicians usually need advance clinical knowledge and experience
to distinguish diseased tissues. Fast simulation of ultrasound provides a cost-effective way for the training and correlation of
ultrasound and the anatomic structures. In this paper, a novel method is proposed for fast simulation of ultrasound from a CT
image. A multiscale method is developed to enhance tubular structures so as to simulate the blood flow. The acoustic response
of common tissues is generated by weighted integration of adjacent regions on the ultrasound propagation path in the CT image,
from which parameters, including attenuation, reflection, scattering, and noise, are estimated simultaneously. The thin-plate spline
interpolation method is employed to transform the simulation image between polar and rectangular coordinate systems. The Kaiser
window function is utilized to produce integration and radial blurring effects of multiple transducer elements. Experimental results
show that the developed method is very fast and effective, allowing realistic ultrasound to be fast generated. Given that the developed
method is fully automatic, it can be utilized for ultrasound guided navigation in clinical practice and for training purpose.

1. Introduction
The imaging principle behind an ultrasound is that the
ultrasound wave generates a different amount of reflection
or refraction when accounting for different tissues inside the
human body. Given that the shape, density, and structure
of different organs vary, the amounts of wavelets that are
reflected or refracted can be used to reconstruct the anatomical structure of human tissues. Based on the wave pattern
and image features, combined with personal anatomical and
pathological knowledge, the texture and pathological characteristics of a specific organ can be quantified for medical
professionals.
Over the past decades, the ultrasound imaging technique
has played increasingly important role in clinical diagnosis.
As a fast and safe method of imaging, ultrasound is the
most ideal imaging modality for real-time image-guided
navigation in minimally intrusive surgery [1–3]. However,
the ultrasound image is usually mixed with a high level of
noise and the anatomical structure is not as clear as that in
CT and MRI [4]. Hence, a successful ultrasound doctor has

to possess a huge amount of anatomical knowledge, as well
as considerable clinical experience. Currently, ultrasound
clinical training is usually done under the guidance of experts
who operate on real patients. Such training is time consuming
and costly. Moreover, for some operations requiring careful
manipulations, such as abscess drainage and tissue biopsy,
incorrectly performed operations can cause great suffering
to the patient or even lead to a number of complications.
Comparably, the ultrasound simulation technique provides
an economic and efficient way of observing and acquiring
ultrasound images [5–7].
Currently, two categories of ultrasound simulation
methods exist. The first involves the 3D ultrasound volume
generated by a series of 2D ultrasound images, wherein the
section slices of ultrasound images are generated from the
location and direction of the ultrasound detector. Henry et al.
[8] constructed the ultrasound volume from real images of a
typical patient in offline preprocessing. The ultrasound image
is then generated by considering both the position of the
virtual probe and the pressure applied by this probe on the
body. The system was successfully used to train physicians
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to detect deep venous thrombosis of the lower limbs.
Weidenbach et al. [9] calculated a 2D echocardiographic
image from preobtained 3D echocardiographic datasets that
are registered with the heart model to achieve spatial and
temporal congruency. The displayed 2D echocardiographic
image is defined and controlled by the orientation of the
virtual scan plane. Such a simulation method requires the
3D ultrasound volume data to be acquired in advance, thus
guaranteeing good image quality and high-speed scanning
of the image slice. However, this method cannot simulate the
image outside the 3D volume data and 3D ultrasound images
are also quite difficult to obtain using general ultrasound
devices.
The second method involves the ultrasound being simulated from volume data, such as CT or MRI images. Shams
et al. [10] simulated ultrasound images from 3D CT scans
by breaking down computations into a preprocessing and
a run-time phase. The preprocessing phase generates fixedview 3D scattering images, whereas the run-time phase
calculates view-dependent ultrasonic artifacts for a given
aperture geometry and position within a volume of interest.
Based on the method of Shams, Kutter et al. [11] used a
ray-based model combined with speckle patterns derived
from a preprocessed CT image to generate view-dependent
ultrasonic effects, such as occlusions, large-scale reflections,
and attenuation. In his method, Graphics Processing Unit
(GPU) was introduced for speed acceleration. Reichl et al.
[12] estimated ultrasound reflection properties of tissues and
modified them into a more computationally efficient form.
In addition, they provided a physically plausible simulation
of ultrasound reflection, shadowing artifacts, speckle noise,
and radial blurring. Compared with the ultrasound volumebased method, the source image is easy to obtain and the
calculation is comparably robust for the CT- and MRI-based
method [13]. However, given that the imaging principles are
totally different for CT, MRI, and ultrasound, such kind of
simulation is more complicated than the ultrasound volumebased method. Moreover, the method is time consuming
during preprocessing and intensity calculations. On the other
hand, the CT- and MRI-based method can conveniently
obtain the ultrasound image at any angle and position and
the simulated ultrasound can also be fused with the CT or
MRI. Hence, the CT- and MRI-based method can provide a
more comprehensive understanding of diseases.
In this paper, a novel method is developed for the
simulation of an ultrasound image from CT volume datasets.
A multiscale method is proposed to simulate blood flow and
to enhance tubular structures in the CT image [14]. The
thin-plate spline [15–17] interpolation method is utilized to
transform images between the sector and rectangle diagram.
Differences of adjacent regions in terms of radiation are
subjected to weighted integration in the CT image to obtain
a realistic simulation of the acoustic response of common
tissues. Finally, based on reflection and attenuation principles
of ultrasound, the Kaiser window function [18] is used to
overlay simulated images from different transducer elements
and the rectangular diagram is mapped into the sector
diagram to guarantee a simulated ultrasound image with high
validity and calculation speed.
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The advantages of our algorithm are towfold: first, as
the tubular structures in the CT image are strengthened by
the multiscale enhancement method, the simulated vessel in
the ultrasound is more realistic than the commonly used
method. Second, as the response coefficient of ultrasound
is calculated by the intensity differences of adjacent regions
in the ultrasound propagation path, the complexity of the
simulation procedure is greatly reduced.

2. Method
The developed method comprises the following four main
parts.
(1) Multiscale Vascular Enhancement. In this part, a
multiscale method is employed to enhance tubular
structures in the CT volume data. Through this process, the intensities unlikely to belong to vascular trees
are effectively removed. The output image then used
for following processing is a weighted integration of
the source and the enhanced images.
(2) Thin-Plate Spline Mapping. As ultrasound is generally
presented as a sector diagram with a coordinate
system that is different from the rectangular coordinate used for CT images, the thin-plate spline
interpolation method is used for the transformation
between sector and rectangular diagrams to achieve
smooth mapping of both the diagrams.
(3) Acoustic Model Construction. In this part, the acoustic
model is constructed via the weighted function of
adjacent regions on the ultrasound propagation path.
(4) Kaiser Window Analysis. The ultrasound emitter is
generally composed of multiple transducer elements.
The Kaiser window filter is utilized to obtain a realistic
simulation effect and to simulate fusion effects of
all independent elements. In order to guarantee the
clarity of the simulated ultrasound, a linear scaling
method is applied to the final results to stretch the
ultrasound intensity to a scale level of 256. The
processing flow diagram is shown in Figure 1.
(1) Multiscale Vascular Enhancement. When there is relative
motion between the ultrasound source and the receiving
body, the received signal frequency will be changed from
the actual frequency transmitted from the source. Therefore,
the vessels can be clearly imaged in ultrasound. For any CT
image, the difference of CT values for vasculature and its
neighboring tissues is almost negligible as no material is
perfused in the focused part of the vasculature to enhance its
visibility and subside the neighboring vessels as background
during the whole procedure. Thus, it causes great difficulty
in distinguishing the vasculature to be focused on and
the neighboring tissues to be removed. Therefore, direct
simulation of an ultrasound sector from a CT image cannot
achieve realistic blood vessel visualization. In this paper,
we utilize the multiscale enhancement method developed
in [19] to strengthen vasculatures and then, by calculating
intensify difference between adjacent voxels in the ultrasound
propagation path, the response coefficient can be quantified.
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Figure 1: Simulation procedures and calculation modules.

The multiscale enhancement approach basically filters
the tube like geometrical structures. Since there is a large
variation in size of the vessels, so we need to define a
measurement scale with a certain range. Basically to examine
the local behavior of an image, 𝐿, its Taylor expansion in the
neighborhood of a point 𝑥0 can be shown as
𝐿 (𝑥0 + 𝛿𝑥0 , 𝑠) ≈ 𝐿 (𝑥0 , 𝑠) + 𝛿𝑥0𝑇 ∇0,𝑠 + 𝛿𝑥0𝑇 𝐻0,𝑠 𝛿𝑥0 ,

(1)

where ∇0,𝑠 and 𝐻0,𝑠 are the gradient vector and Hessian matrix
of the image computed in 𝑥0 at scale 𝑠. To calculate these
differential operators of 𝐿, we use the concepts of linear
scale space theory. Here the differentiation is defined as a
convolution with derivatives of Gaussians as
𝜕
𝜕
𝐿 (𝑥, 𝑠) = 𝑠𝛾 𝐿(𝑥)∗ 𝐺 (𝑥, 𝑠) ,
𝜕𝑥
𝜕𝑥

(2)

where the 𝐷-dimensional Gaussian is defined as
𝐺 (𝑥, 𝑠) =

1
√2𝜋𝑠2

2

𝐷

2

𝑒−‖𝑥‖ /2𝑎 .

(3)

The parameter 𝛾 defines a family of normalized derivatives and helps in unbiased comparison of response of
differential operators at various scales.
The idea behind eigenvalue evaluation of the Hessian
is to extract the principal directions in which the local
second order structure of the image can be decomposed.
Three orthonormal directions are extracted by eigenvalue
decomposition that is invariant up to a scaling factor when
mapped by the Hessian matrix. Let 𝜆 𝑘 be the eigenvalue with
the 𝑘th smallest magnitude. In particular, a pixel belonging
to a vessel region will be denoted by 𝜆 1 being small (ideally
zero), 𝜆 2 and 𝜆 3 for a large magnitude and equal sign (the sign
states the brightness or darkness of the pixel). To conclude, for
an ideal tubular structure in a 3D image as
   
 
𝜆 1  ≈ 0 𝜆 1  ≪ 𝜆 2 

𝜆2 ≈ 𝜆3.

(4)

The polarity is indicated by signs of 𝜆 2 and 𝜆 3 . In regions
with high contrast compared to the background, the norm
will become larger since at least one of the eigenvalues will

be large. The following combination of the components can
define a vesselness function:
0,
𝜆 2 > 0 or 𝜆 3 > 0
{
{
{
2
R
{
{
{
(1 − exp (− 𝐴2 ))
{
{
2𝛼
{
{
{
2
R
]0 (𝑠) = {
× exp (− 𝐵2 )
{
{
{
2𝛽
{
{
{
{
2
{
{
{ × (1 − exp (− 𝑆 )) , otherwise,
2𝑐2
{

(5)

where 𝛼, 𝛽, and 𝑐 are thresholds which control the sensitivity
of the line filter to the measures R𝐴 , R𝐵 , and 𝑠. The vesselness
measure is analyzed at different scales, 𝑠. For 2D images, we
propose the following vesselness measure which follows from
the same reasoning as in 3D:
{
{0,
]0 (𝑠) = {
R 2
𝑆2
{exp (− 𝐵2 ) (1 − exp (− 2 )) ,
2𝛽
2𝑐
{

𝜆2 > 0
otherwise,
(6)

where R𝐵 = 𝜆 1 /𝜆 2 is the boldness measure in 2D and
accounts for the eccentricity of the second-order ellipse.
(2) Thin-Plate Spline Mapping. As ultrasound and CT images
are present as polar and rectangular coordinate systems,
respectively, transformation between these two diagrams is
necessary for the simulation processing. In this paper, the
thin-plate spline interpolation method is utilized to achieve
these transformations.
The basic idea of the thin-plate spline is that a space
transformation can be decomposed into a global affine
transformation and a local nonaffine warping component
[20]. Assuming that we have two sets of corresponding points
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𝑝𝑖 and 𝑞𝑖 , 𝑖 = 0, 1, . . . , 𝑛, then, the energy function of the thinplate spline can be defined as
𝑛


2
𝐸TPS (𝑓) = ∑𝑝𝑖 − 𝑓 (𝑞𝑖 )
𝑖=1

2

+ 𝜆 ∬ [(

2

𝜕2 𝑓
𝜕2 𝑓
) + 2(
)
2
𝜕𝑥
𝜕𝑥𝜕𝑦

(7)

2

+(

𝜕2 𝑓
) ] 𝑑𝑥 𝑑𝑦,
𝜕𝑦2

where 𝑓 is mapping function between point sets 𝑝𝑖 and 𝑞𝑖 .
The first term in the previous equation is the approaching
probability between these two point sets, whereas the second
term is a smoothness constraint, while 𝜆 indicates a different
degree of warping. When 𝜆 is close to zero, corresponding
points are matched exactly. For this energy function, a
minimizing term 𝑓(𝑞), 𝑞 ∈ 𝑅2 exists for any fixed 𝜆, which
can be formulated as:
𝑓 (𝑞) = 𝑞 ⋅ 𝐴 + 𝜑 (𝑞) ⋅ 𝑊,

(8)

where 𝐴 is a 3 × 3 affine transformation matrix and 𝜑(𝑞) is a
1 × 𝑛 vector decided by the spline kernel, while 𝑊 is a 𝑛 × 3
non-affine warping matrix. When we combine (7) and (8), we
have
𝐸TPS (𝐴, 𝑊) = ‖𝑈 − 𝑉 ⋅ 𝐴 − Ψ𝑊‖2
+ 𝜆 trace (𝑊𝑇 Ψ𝑊) 𝑑𝑥 𝑑𝑦,

(9)

where 𝑈 and 𝑉 are concatenated point sets of 𝑝 and 𝑞 and Ψ is
a 𝑛×𝑛 matrix formed from the 𝜑(𝑞). Thus, 𝑄𝑅 decomposition
can be utilized to separate the affine and non-affine warping
space as follows:
𝑅
𝑀 = [𝑄1 𝑄2 ] ( 1 ) = 𝑄1 𝑅1 ,
0

(10)

where 𝑀 is a 𝑚 × 𝑛 matrix with 𝑚 ≥ 𝑛, 𝑄1 is a 𝑚 × 𝑛 matrix,
𝑄2 is 𝑚×(𝑚−𝑛) matrix, and 𝑄1 and 𝑄2 both have orthogonal
columns, whereas 𝑅1 is an 𝑛 × 𝑛 upper triangular matrix. The
final solution for 𝐴 and 𝑊 can be obtained as
−1

𝑊 = 𝑄2 (𝑄2𝑇 Ψ𝑄2 + 𝜆𝐼(𝑁−3) ) 𝑄2𝑇 𝑈,
𝐴 = 𝑅−1 (𝑄2𝑇 𝑉 − Ψ𝑊) .

(11)

Through thin-plate spline interpolation, the transformation between the polar and rectangular coordinate systems
can be achieved. Although the thin-plate spline method is,
to an extent, time consuming compared to the commonly
used bilinear or trilinear interpolation methods, however,
it guarantees comparative homogeneity in both radial and
tangential directions. One common problem for the nonparametric mapping between polar and rectangular coordinate
systems is that the resolution in tangential direction is
homogeneous while it is reducing gradually radial direction

from the center to the out part of the sector. The main merit
of the proposed thin-plate spine mapping method is that it
can keep maximum uniformity of the whole diagram.
Figure 2 shows the mapping principle between sector and
rectangle. The ultrasound image is generally presented as
sector, as shown in Figure 2(a), and the intersection angle
𝜙 is defined as Field of View (FOV) which is usually set
as constant once the device is calibrated. The penetration
depth of the ultrasound can be defined as the indepth
distance between inner and outer circles with radius of 𝑟𝑙
and 𝑟𝑠 , which is determined by the strength of acoustic
wave. Figure 2(b) shows the rectangle image section extracted
from the CT image. In this figure, {𝑎1,2 , 𝑎2,2 , . . . , 𝑎𝑚,2 } and
{𝐴 1,2 , 𝐴 2,2 , . . . , 𝐴 𝑚,2 } are the constructed correspondences
and 𝑚 and 𝑛 represent the number of sampling along radial
and tangential directions. It is obvious that resolution of the
simulated ultrasound is determined by 𝑚 × 𝑛.
(3) Acoustic Model for Construction. Large differences are
observed in the acoustic resistances between different tissues.
Thus, an ultrasound at interfaces of different tissues usually
results in the occurrence of reflection, refraction, and absorption. If the resistance difference between two tissues is greater
than 0.1%, the reflection will be produced [21]. The acoustic
resistance 𝑍 of a certain organ can be calculated as 𝑍 = 𝜌𝑐,
where 𝜌 is density and 𝑐 represents propagation speed of the
ultrasound.
The reflection coefficient 𝛼ref and transmission coefficient
𝛼tran on the interface of two organs with acoustic resistance of
𝑍1 and 𝑍2 can be calculated by the following equations [22]:
𝛼ref (𝑍1 , 𝑍2 ) =

𝑈ref
𝑍 − 𝑍1 2
),
=( 2
𝑈
𝑍2 + 𝑍1

𝛼tran (𝑍1 , 𝑍2 ) =

𝑈tran
4𝑍1 𝑍2
= 1 − 𝛼ref (𝑍1 , 𝑍2 ) ,
=
2
𝑈
(𝑍1 + 𝑍2 )
(12)

where 𝑈, 𝑈ref , and 𝑈tran are wave intensities of input ultrasound, reflected ultrasound, and transmitted ultrasound,
respectively.
The reflection is generally produced on the interfaces
of two organs. Hence, edge detection is imperative for
acquiring boundary information. Currently, several stable
edge detection methods exist, such as Roberts, Sobel, Prewitt,
and LOG operators, which have been widely used in medical
image processing. For these methods, the detection of the
edge is based on the analysis of the intensity relationship
of neighboring points. Moreover, if a certain angle exists
between the propagation and edge directions, reflection
will occur. If the propagation direction is parallel to the
edge direction, the ultrasound will transmit directly, and
no reflection occurs. Hence, the propagation angle must be
considered in the calculation of the acoustic response.
However, a considerable amount of random speckles
occur in the ultrasound image, and the correct noise generation is important for the realistic simulation of ultrasound
images. When the scatter phenomenon of ultrasound is produced inside the human body, the backwaves with different
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Figure 2: Relationship between sector and rectangle mapping.

phases generally interfere with one another. Hence, speckles
are generated [23, 24]. Random noises are generated and
superimposed onto the simulated image. As for the CT image,
several factors, including amount of radiation, performance
of data acquisition unit, and image reconstruction procedure, can also introduce noise in the simulated ultrasound
[24].
Intensity differences of adjacent regions are used for the
calculation of the response coefficient to obtain a realistic
simulation of ultrasound. Specifically, the response coefficient
of a certain region is determined by consecutive regions on
the ultrasound propagation direction. The following three
conditions have to be considered.
(1) Adjacent regions are not on the interface. For such a
condition, the calculation sample point is inside the
same organ. Hence, the difference in the CT values of
these two regions is small, yielding a small response
coefficient.
(2) Adjacent regions are on the edge of the interface.
If the propagation direction is parallel to the edge
direction, the adjacent regions will both be located
on the edge, thus yielding small CT value variations. If the angle between the propagation and edge
directions increases gradually, the CT value variation
will increase and consequently increase the response
coefficient. By this method, the interface effect of
the response coefficient can be calculated only by
adjacent regions, and the imaging angle between edge
and ultrasound propagation directions need not be
calculated.
(3) Adjacent regions are on the noise area. In such situations, the difference in the CT values is usually large,
thus yielding a large response coefficient. Therefore,
the noises of the ultrasound can be simulated by the
intensity difference in the CT image.

Acoustic resistance is generally known to be proportional
to the CT value [25]. Hence, the weight 𝛼ref of adjacent
regions 𝐼(𝑥1 ) and 𝐼(𝑥2 ) can be written as
2

𝛼ref = (

𝐼 (𝑥2 ) − 𝐼 (𝑥1 )
).
𝐼 (𝑥2 ) + 𝐼(𝑥1 )1

(13)

However, bone-tissue interfaces reflect 43% and air-tissue
interfaces reflect 99% of the incident beam [26]. Hence, (13)
cannot be applied to tissues like bone and air.
(4) Kaiser Window Analysis. For the acoustic response model,
the strength of sound wave increases with the decrease of the
angle 𝜃 between incident sound wave and surface normal at
the interface, as can be shown by the Lambert cosine law [27]
as follows:
𝑈out (𝜃) = 𝛼ref × 𝑈in × cos (𝜃) ,

(14)

where 𝑈in and 𝑈out represent acoustic intensities before and
after refraction at the medium interface. 𝛼ref represents the
refection coefficient and 𝜃 represents the intersection angle
between input ultrasound and normal vector of the interface.
When ultrasound is transmitted in the media, its energy
decreases with the propagation distance. Such phenomenon
is called ultrasound attenuation. As for ultrasound wave with
given frequency, its energy attenuation follows the power law
principle, which can be formulated as [28]
𝑈 (𝛼ref , 𝑑) = 𝑈in × 𝑒−2𝛼ref 𝑑 ,

(15)

where 𝑑 is the propagation distance, while 𝑈(𝛼ref , 𝑑) represents the acoustic intensity after it has been propagated in the
medium for a distance of 𝑑. According to the Lambert cosine
law, the intensity of the acoustic response can be calculated as

𝑛 (𝑥) ,
𝑟 (𝑥) ⋅ ⇀
𝑈out (𝜃) = 𝛼ref × 𝑈in × cos (𝜃) = 𝛼ref × 𝑈in × ⇀

(16)
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𝑟 (𝑥) is the unit vector in the direction of the ultrawhere ⇀
𝑛 (𝑥) is the surface normal at the interface, | ⋅ |
sound beam, ⇀
is the absolute value operator. Then, the attenuation of the
ultrasound can be obtained by the following equation:

𝑛 (𝑥) × 𝑒−2𝛼ref 𝑑 . (17)
𝑟 (𝑥) ⋅ ⇀
𝑈out (𝛼ref , 𝑑, 𝜃) = 𝛼ref × 𝑈in × ⇀

Suppose that multiple independent transducer elements
are observed and the strength of each ultrasound is 𝑈0 .
The summary of the received ultrasound strength can be
calculated as follows:
𝑛

𝑛

𝑖=1

𝑖=1

𝑈total = ∑𝑈𝑖 = ∑𝛼ref × 𝑈in × |𝑟 (𝑥) ⋅ 𝑛 (𝑥)| × 𝑒−2𝛼ref 𝑑
(18)

𝑛

= ∑𝛼ref × 𝑈in × cos (𝜃𝑖 ) × 𝑒−2𝛼ref (𝑑0 / cos(𝜃𝑖 )) ,
𝑖=1

where 𝑑0 is the minimum distance among all the transducer
element and sampling region 𝑥𝑖 and 𝑑 is the distance interval
of adjacent transducer elements. Meanwhile, 𝜃𝑖 is the angle
between transducer element and the sampling region 𝑥𝑖 ,
which can be written as
𝜃𝑖 = arctan (

𝑛×𝑑
),
𝑑0

(19)

where 𝑛 is the number of active elements of transducer and 𝜔𝑖
can be parameterized as 𝜔𝑖 = cos(𝜃𝑖 ) × 𝑒−2𝛼ref (𝑑0 / cos(𝜃𝑖 )) , which
can be calculated by Kaiser window. The discrete probability
density of Kaiser Window can be written as
2
{
{
{𝐼0 × (𝜋𝛼√ 1 − ( 2𝑚 − 1) ) , 0 ≤ 𝑚 ≤ 𝑀
𝜔 (𝑚) = {
𝑀
{
{
otherwise,
{0,
(20)

where 𝑈0 represents the first zero-order modified Bessel
function and 𝛼 is the parameter to determine shape of the
window, while 𝑀 is an integer with length of (𝑁 + 1).

3. Experimental Results
The developed method is applied to a series of CT images
obtained from PLA General Hospital to investigate the
performance and accuracy of the proposed simulation algorithm. The images were acquired from a 64-slice CT scanner
by Philips, and the resolution is 512 × 512 × 394. The algorithm
is implemented in the C++ programming language.
3.1. Evaluation of Multiscale Enhancement. Figure 3 shows
the effectiveness of the ultrasound simulation with multiscale
enhancement, which is compared with the direct simulation
of the CT image. Figure 3(a1) is the volume rendering of
the original image. The gray scales of vascular trees are very
close to their surrounding tissues, especially for small vessel
segments and bones. If ultrasound is directly simulated from
this image, vessels will mix with the neighboring tissues

and will be difficult to detect visually. Figure 3(b1) is the
volume rendering of the vascular structure processed by
the multiscale enhancement method. The vascular structures
are effectively extracted from which small vessel segments
can be visually inspected. Figure 3(c1) is the superimposing
of the original image and the enhanced vascular structure.
Evidently, the vascular trees are effectively strengthened, and
they can easily be separated from the surrounding tissues.
Moreover, the vascular structures can be distinguished from
bones.
Figures 3(a2), 3(b2), and 3(c2) are selected section slices
in the transverse direction of the original CT image, which
correspond to Figures 3(a1), 3(b1), and 3(c1), respectively.
Figure 3(a3) is the direct simulation result of Figure 3(a1),
whereas Figure 3(c3) is the simulation result of the enhanced
image in Figure 3(c1). Based on Figure 3(a2), large vascular
segments and the liver have comparatively higher gray scales
than their neighboring tissues, and small vessels in the liver
boundaries mix with liver tissues. If the ultrasound image
is directly simulated from this image, such an intensity
distribution can result in a large deviation the blood flow.
In Figure 3(c2), the vasculatures are filled with low intensity
values, which are shown as back circle areas compared with
Figure 3(c1). Figures 3(a3) and 3(c3) show the simulated
results of Figures 3(a2) and 3(c2), respectively, whereas
Figures 3(a3)(1), 3(c3)(1), 3(a3)(2), and 3(c3)(2) show two
magnified regions of interest corresponding to the same
location in Figures 3(a2) and 3(c2). Evidently, blood vessels
are effectively enhanced in Figure 3(c3), which are very close
to the real ultrasound images.
Figure 4 shows a comparison of simulated ultrasound
images of direct simulation and multiscale enhanced
simulation. Figure 4(a) is the direct simulated ultrasound,
whereas Figure 4(b) is the simulated result with multiscale
enhancement. Vascular structures are clearly enhanced
in Figure 4(b), which are presented as a black hole in the
image, and the size of the hole indicates the dimension of the
vasculature. The details of the enhanced ultrasound image
are also clearer than those of the direct simulated image.
Figures 4(a1) and 4(b1) show the magnified details of the
rectangle strip in Figures 4(a) and 4(b), respectively. Based on
the ellipse areas shown in this figure, the differences between
these two figures can be clearly observed. Figure 4(c) shows
the intensity distribution of the selected strips of Figures 4(a)
and 4(b) in the horizontal direction. The intensity difference
of these two images reaches nearly 35 gray scale levels, and
the location of the maximum exactly corresponds to that of
the vascular structures on the 𝑥-axis. Clearly, direct use of the
CT image as a scattering map results in a repetitive scattering
pattern through which hardly any structures are recognizable.
However, the tubular structure enhancement method can
effectively strengthen vascular structures, and a realistic
acoustic transmission pattern is simulated and visualized.
3.2. Multiple Transducer Elements Simulation. The reflected
signals of ultrasound are integrated along the active
wavefront at a specified depth controlled by the Kaiser
window function, which results in a more realistic reflection.
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(a3)(1)
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(c3)(2)
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(a3)

(c3)(2)

(c3)

Figure 3: Comparison of different ultrasound simulation methods. The first row shows volume rendering of the original CT image, the
extracted vascular structure, and the enhanced image, respectively. The second row shows selected liver section in transverse direction of
the original CT image, the extracted vascular structure, and the enhanced image, respectively. (a3) and (c3) in the third row show simulated
results of (a2) and (c2), respectively, while the middle image in the third row shows two magnified regions of interest corresponding to the
same locations in (a2) and (c2).

Figure 5 shows the evaluation results of the multiple
transducer element simulation. Figure 5(a) shows an
extracted sector section of the CT image, Figure 5(b) gives the
rectangle section image transformed by the thin-plate spline,
and Figure 5(c) is the simulated ultrasound with one active
element based on the acoustic transmission model, whereas
Figure 5(d) is the simulated result with multiple active
elements using the Kaiser window function. Figures 5(e1) and
5(e2) show two magnified regions of interest in Figure 5(e).
The thin-plate spline is very effective for the transformation of images between sector and rectangular shapes,

for which smooth warping is achieved. Moreover, the highly
reflective areas in the ultrasound are located around the
boundary of tissues. The vasculatures can be easily identified
in booth ultrasounds with single Figure 5(c) and multiple
Figure 5(d) transducer elements. The difference between
Figures 5(c) and 5(d) is that the edges between tissue
boundaries of Figure 5(c) are significantly clearer than those
of Figure 5(d). The realistic ultrasound is achieved by multiple transducer element simulation. From Figures 5(e1) and
5(e2), the vascular structures in the liver can be identified
explicitly.
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Figure 4: Comparison of simulated ultrasound images using direct simulation and multiscale enhancement method. (a) is the directly
simulated ultrasound; (b) is the simulated result with multiscale enhancement. (a1) and (b1) show the magnified details of the rectangle
strip in (a) and (b), respectively. (c) shows the intensity distribution in horizontal direction.

3.3. Evaluation of Ultrasound Simulation. Although a series
of calculations has been applied for the simulation of ultrasound, image generation is still very efficient in terms of
computation. The calculation complexity of the proposed
method is decided by the sampling rate along radial and tangential directions, and it is not correlated to the FOV and the
penetration depth. In order to evaluate the efficiency of the
proposed method, three low cost personal PCs with different
processing capacity are employed to simulate ultrasound with
different sampling rates. The sampling rates are taken as 150
× 100, 200 × 150, 300 × 200, 350 × 250, 400 × 300, 450 × 350,
500 × 400, 550 × 450, and 600 × 500, while the processing
platforms are as follows:
(a) Intel Core i5-2410 4 × 2.3 GHz, 8 G RAM, Ubuntu
12.10 (64-bit),
(b) Intel Core i7-860 4 × 2.8 GHz, 8 G RAM, Ubuntu 12.10
(64-bit),
(c) Intel Core i7-2600 4 × 3.4 GHz, 8 G RAM, Ubuntu
12.10 (64-bit).

Figure 6 compares the calculation of the frame rate of the
above mentioned platforms and sampling rates. It can be seen
that the calculation efficiency is reducing gradually with the
increase in the sampling rate for all the platforms. When the
sampling rate is 200 × 100, the calculation frame rates reaches
about 42.2, 37.9, and 33.8 fps; however, when the sampling rate
is about 600 × 500, the calculation frame rates are about 11.4,
10.5, and 9.6 fps. It is obvious that high performance PC can
obtain fast simulation speeds.
In order to investigate the performance of the proposed
ultrasound simulation algorithm, it is applied to the realistic
brain phantom created from polyvinyl alcohol cryogel (PVAC) by Chen et al. [28]. PVA-C is a material widely used in
validation of image processing methods for segmentation,
reconstruction, registration, and denoising for its mechanical
similarities to soft tissues. The phantom was cast into a
mold designed using the left hemisphere of the Colin27
brain dataset and contains deep sulci, a complete insular
region, and an anatomically accurate left ventricle. The author
released the CT, MRI, and ultrasound images of the phantom.
All the volume data is with the size of 339 × 299 × 115, and
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Figure 5: Evaluation results of multiple transducer elements simulation. (a) is the extracted sector section of the CT image. (b) is the rectangle
mapping of (a). (c) is the simulated ultrasound of single transducer element. (d) is the simulated ultrasound of multiple transducer elements.
(e) is the sector mapping of (d). (e1) and (e2) are the magnified regions of interest in (e).
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Figure 6: Comparison of the simulation speeds on different processing platforms.

corresponding imaging angles of ultrasound. As ultrasound
and the CT images from the same imaging view can be
obtained simultaneously, the fidelity of the proposed algorithm can be effectively evaluated by comparing the simulated

ultrasound with the corresponding phantom. Figure 7(a)
provides photos of the elastic Colin27 based brain phantom
mold and the PVA-C phantom. Figure 7(b) gives the volume
rendering of the CT image of the phantom. Figures 7(c1) to
7(c4) give the CT image slice from two different angles, while
Figures 7(d1)–7(d4) provide the realistic ultrasound image of
the phantom corresponding to the CT image slices. Figures
7(e1)–7(e4) give the simulation results of the CT slices by
the algorithm proposed in this paper. It can be seen that our
method is very effective, which obtained realistic simulation
of the ultrasound image.
3.4. Visualization System. In this paper, an application system
is developed for displaying the simulated ultrasound in 2D
and 3D using different visualization techniques. Figure 8
shows the screen shot of the visualization area of the developed system. The three leftmost images in this figure illustrate
the axial plane in Figure 8(a), coronal plane in Figure 8(b),
and sagittal plane in Figure 8(c) on the normal direction of
the ultrasound transducer. The top right figure shows the
volume rendering of the original CT image in Figure 8(d),
whereas Figure 8(e) shows the extracted section plane of
the CT image, and Figure 8(f) is the simulated ultrasound.
Based on this system, the ultrasound image is generated
according to the location and direction of the transducer.
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Figure 7: Evaluation of simulated ultrasound on phantom images. (a) Photos of the phantom. (b) Volume rendering of the CT image.
((c1)–(c4)) CT slices. ((d1)–(d4)) Ultrasound slices. ((e1)–(e4)) Simulated ultrasound sections corresponding to the CT slices.

The ultrasound and volume rendering of the CT image can be
displayed with the three orthographic views of the CT image.
Based on this system, the ultrasound image is fast generated,
and the parameters, including ultrasound simulation and
visualization, can be adjusted from user interface interaction.
The developed simulation system comprises four main
visualization function modules, as follows. (1) The position

and orientation of the virtual probe can be interactively set
by dragging the mouse in the 3D or the three orthogonal
views, whereas the FOV, minimum, and maximum PD can be
adjusted in the control panel. (2) The transparency and color
mapping of volume rendering can be adjusted by controlling
the multipoint thresholds on the histogram distribution. (3)
The window level and window width for the CT slice in
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Figure 8: Screen-shot of the simulation system. (a), (b), and (c) are the axial plane, coronal plane and sagittal plane of CT image, respectively.
(d) is the volume rendering of the CT image blended with the extracted image section on the direction and location of the virtual transducer.
(e) is the extracted section of CT image. (f) is the simulated ultrasound image.

different views can be adjusted simultaneously using the
slider bar. (4) Each view in the display window can be
maximized to full screen model and reset to its default.
Figure 9 gives the final simulation results of three sections
of abdominal CT images. The first row shows the extracted
sector CT image, while the second row gives the corresponding simulated ultrasound. It can be seen that the internal
structure of the liver can be visualized clearly. In the CT slices,
the spines can be visually detected in the left bottom parts,
as marked in the circles. In the simulated images, it can be
seen that lower parts away from the spines are displayed as
black empty areas. Obviously, the acoustic wave is absorbed
by the bones and cannot be transmitted to the lower parts of

the simulated images. Our algorithm effectively simulated the
ultrasonic propagation phenomenon.

4. Conclusion and Discussion
The ultrasound simulation technique not only provides a
cheap and efficient way of training doctors in the study
of the anatomic structure of human body but can also be
used to validate the registration efficiency of the ultrasound
navigation system. In this paper, a novel framework is
proposed for fast ultrasound simulation and visualization. A
multiscale method is utilized to enhance the tubular structure
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Figure 9: Simulation results of the proposed algorithm. The first row is the sector area of the CT slice. The second row is the simulated
ultrasound.

of the CT image and to obtain a realistic simulation of
the vascular structure. Seamless transformations between
sector and rectangle shapes are then achieved using the
thin-plate spline interpolation method. The parameters of
acoustic response are based on the intensity difference ratio of
adjacent regions for acoustic wave propagation in a piecewise
homogenous medium and are fast calculated. Moreover, the
detected edge information on different tissues is combined
with random noises to simulate the acoustic response rate
of the interesting region. Speckle noise and blurring are also
added to the simulated ultrasound, resulting in an image that
can be fast updated according to the user-defined parameters.
Finally, the Kaiser window function is employed to simulate
integration effects of multiple transducer elements. Based
on the experimental results, realistic simulation results are
obtained. Aside from soft tissues and bones, vasculatures can
be clearly observed in the simulated ultrasound. Based on the
efficiency evaluation experiments, the proposed simulation
method is also very fast. The average frame rate of the
proposed ultrasound simulator is approximately 20 fps (SM
= 300, FOV = 75∘ ), which is better than the 16 fps rate commonly used in clinical radiology. However, the quantitative
evaluation of the ultrasound simulation techniques is very
difficult so far because of three main reasons: first, it is
difficult to obtain the accurate imaging angle of the handheld
ultrasound probe. Second, it is very difficult to control the
pressure degree on soft tissues during the imaging procedures, for which a different pressure will lead to a different
imaging depth. Third, the imaging quality of the ultrasound
is strictly correlated with the adjustable parameters of the
transducer elements. Hence, it is very difficult to obtain
the ultrasound with predefined imaging parameters, which

hence can be evaluated from the anatomic structures in CT
image. Up to now, the commonly used evaluation method for
ultrasound simulation is the visual comparison by physicians
in clinical practice. In this paper, the effectiveness of the
developed method is quantified on realistic brain phantoms.
And the experimental results are assessed by experts from
the ultrasonic department at the General Hospital of People’s
Liberation Army, China.
The interesting application of the proposed method is
its use in training for different ultrasound examinations or
ultrasound-guided procedures. During a training session, the
simulated ultrasound can be displayed with the model constructed from the CT image to provide an anatomical context
to the trainee. Vascular enhancement and scattering image
simulation are time consuming and require a cluster of CPUs
to be practical. Hence, GPU implementation of the algorithm
will considerably accelerate the simulation speed, which will
meet the higher requirements of fine-resolution simulation.
In this paper, all acquisition parameters can be interactively
adjusted during simulation processing, including ultrasound
frequency, ultrasound intensity, FOV, PD, as well as speckle
noise size. Hence, the proposed simulation method is highly
convenient for the simulation of different imaging conditions.
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[3] S. Beller, M. Hünerbein, T. Lange et al., “Image—guided surgery
of liver metastases by three-dimensional ultrasound—based
optoelectronic navigation,” British Journal of Surgery, vol. 94,
no. 7, pp. 866–875, 2007.
[4] C. Forest, O. Comas, C. Vaysière, L. Soler, and J. Marescaux,
“Ultrasound and needle insertion simulators built on real
patient-based data,” Studies in Health Technology and Informatics, vol. 125, pp. 136–139, 2007.
[5] M. M. Knudson and A. C. Sisley, “Training residents using
simulation technology: experience with ultrasound for trauma,”
Journal of Trauma, vol. 48, no. 4, pp. 659–665, 2000.
[6] C. Terkamp, G. Kirchner, J. Wedemeyer et al., “Simulation of
abdomen sonography. Evaluation of a new ultrasound simulator,” Ultraschall in der Medizin, vol. 24, no. 4, pp. 239–244, 2003.
[7] M. P. Laguna, T. M. De Reijke, and J. J. De La Rosette, “How
far will simulators be involved into training?” Current Urology
Reports, vol. 10, no. 2, pp. 97–105, 2009.
[8] D. Henry, J. Troccaz, J. Bosson, and O. Pichot, “Ultrasound
imaging simulation: application to the diagnosis of deep venous
thromboses of lower limbs,” in Proceedings of the Medical
Image Computing and Computer-Assisted Interventation (MICCAI ’98), pp. 1032–1040, 1998.
[9] M. Weidenbach, C. Wick, S. Pieper et al., “Augmented reality
simulator for training in two-dimensional echocardiography,”
Computers and Biomedical Research, vol. 33, no. 1, pp. 11–22,
2000.
[10] R. Shams, R. Hartley, and N. Navab, “Real-time simulation
of medical ultrasound from CT images,” in Proceedings of the
Medical Image Computing and Computer-Assisted Intervention
(MICCAI ’08), pp. 734–741, 2008.
[11] O. Kutter, R. Shams, and N. Navab, “Visualization and GPUaccelerated simulation of medical ultrasound from CT images,”
Computer Methods and Programs in Biomedicine, vol. 94, no. 3,
pp. 250–266, 2009.
[12] T. Reichl, J. Passenger, O. Acosta, and O. Salvado, “Ultrasound
goes GPU: real-time simulation using CUDA,” in Proceedings
of the Medical Imaging: Biomedical Applications in Molecular,
Structural, and Functional Imaging, vol. 7261, Lake Buena Vista,
Fla, USA, February 2009.
[13] A. Hostettler, C. Forest, A. Forgione, L. Soler, and J. Marescaux,
“Real-time ultrasonography simulator based on 3D CT-scan
images,” Studies in Health Technology and Informatics, vol. 111,
pp. 191–193, 2005.
[14] S. Mansurova, P. M. Zarate, P. Rodriguez, S. Stepanov, S.
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Sex determination from skeletons is an important research subject in forensic medicine. Previous skeletal sex assessments are
through subjective visual analysis by anthropologists or metric analysis of sexually dimorphic features. In this work, we present
an automatic sex determination method for 3D digital skulls, in which a statistical shape model for skulls is constructed, which
projects the high-dimensional skull data into a low-dimensional shape space, and Fisher discriminant analysis is used to classify
skulls in the shape space. This method combines the advantages of metrical and morphological methods. It is easy to use without
professional qualification and tedious manual measurement. With a group of Chinese skulls including 127 males and 81 females,
we choose 92 males and 58 females to establish the discriminant model and validate the model with the other skulls. The correct
rate is 95.7% and 91.4% for females and males, respectively. Leave-one-out test also shows that the method has a high accuracy.

1. Introduction
Sex identification from skeletons is a vital work for a forensic
anthropological analysis. Previous studies [1–4] indicate that
pelvis is the most reliable indicator of sex assessment, and
skull is the second one. However, not all forensic cases provide
a complete skeleton due to breakage or postmortem destruction, while the skull can be well preserved in most cases
since it is composed of hard tissue. So the skull is the most
commonly used skeleton part in forensic anthropological
analysis.
Traditional skeletal sex assessments principally rely on
visual assessments of sexually dimorphic traits. Rogers [5]
achieves an accuracy of 89.1% for a historic skeletal collection
by using visual morphological traits. By scoring the visual
assessments of five cranial traits (glabella, mental, orbit,
nuchal, and mastoid), Walker [6] achieves 90% accuracy for
modern American skulls via a quadratic discriminant analysis model incorporating scores. According to Daubert [7] and
Mohan [8] criteria, Williams and Rogers [9] assess 21 skull
characteristics of 50 white European Americans (25 males
and 25 females). For a characteristic, if the intraobserver error

is no more than 10% and the accuracy is above 80% when
it is used separately to identify the sex, the characteristic is
defined as a high quality characteristic. They get six high
quality characteristics like eyebrow, orbit, and so forth, and
the accuracy reaches 94% by utilizing visual assessments of all
these six characteristics. Visual assessments depend heavily
on physical anthropologists’ understanding of population
differences in sexual dimorphism. The visual assessment
results reported in the paper [10] show that Krogman and
Iscan achieve 92% accuracy using the Todd collection, while
Stewart only obtains 77% accuracy using some American
black skulls from the Terry collection. Ramsthaler et al.
[11] use kappa statistics to quantify the disagreement in
sex classification performed by two different observers after
visual assessment, and the agreement only reaches 90.8%.
Moreover, visual assessment of the morphological traits is
likely to be inaccurate when performed by an inexperienced
observer due to its great subjectivity. With the progress of
the digital imaging technology in medicine, discriminant
analysis for skeletal measurements is increasingly used for sex
estimation.

2
Since radiograph can provide architectural and morphological details of the skull, some researchers [12–15] use skull
radiograph for sex identification. Hsiao et al. [12] consider
the lateral radiographs of 50 male and 50 female adult
skulls from Taiwan. They use 18 cephalometric variables,
which are derived from some cephalometric points on the
lateral radiographs, to build the discriminant function, and
claim a coincidence rate of 100%. But they do not mention
the generalization ability of the discriminant function, that
is, the classification ability for new samples. Veyre-Goulet
et al. [15] validate the method of Hsiao by using the lateral
radiographic data of 114 Europeans. They find that the result
using 8 cephalometric variables is the same as the one
using 18 variables, and the coincidence rate is 95.6%. They
think that different cephalometric variables can be used for
different races. Inoue et al. [14] compute the gradients and
distances of 39 measuring points in the lateral contour of the
skull and establish the discriminant function through these
variables by using 50 female and 50 male skulls from Japan
as specimens. 21 other specimens are tested, and the mean
correct rate is 86%. They conclude that gradient has higher
ability in reflecting gender differences than distances.
Other researchers use some variables measured from 3D
skulls to establish discriminant functions. Spradley and Jantz
[16] construct multivariate discriminant models using the
skull data from the Forensic Anthropology Data Bank. They
measure different variables for different races, and the highest
identification rate is no more than 90%. Jantz and Ousley [17]
issue the computer-aided software called Fordisc for skeleton
analysis. This software measures skeleton characteristics by
the human-computer interactive way and utilize the data
from American Forensic Data Bank to establish the discriminant function. Guyomarc’h and Bruzek [18] compare the
sex identification effects of the software for different races
such as Thailand and France, and the correct recognition
rate is between 52.2% and 77.8%. Ramsthaler et al. [19] test
this software by using 98 Caucasian German skulls, and the
correct rate is 86%. These studies show that the craniofacial
morphology has great diversities among different races. For
Chinese, Li [20] manually extracts the mid-sagittal frontal
arc on dried skulls from northeast China, and the Fourier
coefficients of the arc are used for multivariate stepwise
discriminant analysis. The recognition rate for 31 test skulls
is 84.21% and 83.33% for males and females, respectively.
Shui [21] measures 14 metric variables and utilizes 94 skulls
from north China to establish stepwise fisher discriminant
functions. The recognition rate for 39 test skulls reaches 87%.
Discriminant analysis for skeletal measurements requires
a high measurement precision. However, the accurate measurement of the skull is quite difficult. Williams and Rogers
[9] show that, for most measure variables, usually the
measurement error among different observers is above 10%.
Moreover, the skull size changes with varying ages. In this
work, we propose an automatic sex determination method
for 3D digital skulls. A statistical shape model is established
to describe statistical features of the skull morphology, and
Fisher discriminant analysis of the shape parameters is used
to classify skulls. The advantages of this method is as follows:
Firstly, it needs no professional qualification and tedious
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manual measurement; Secondly, it is less influenced by the
variation of the skull size; Finally, it can get a high recognition
rate.

2. Materials and Methods
2.1. Materials. This study has been approved by the Institutional Review Board (IRB) of Image Center for Brain
Research, National Key Laboratory of Cognitive Neuroscience and Learning, Beijing Normal University. It is carried
out on a database of 208 whole skull CT scans on voluntary
persons that mostly come from Han ethnic group in North of
China, age 19–75 years for females and 21–67 years for males.
There are 81 females and 127 males. The CT images were
obtained by a clinical multislice CT scanner system (Siemens
Sensation 16) in the Xianyang hospital located in western
China. The images of each subject are restored in DICOM
format with a size of approximately 512 × 512 × 250. Each 3D
skull surface is extracted from the CT images and represented
as a triangle mesh including about 150,000 vertices. All the
skulls are substantially complete; that is, each skull contains
all the bones from calvarias to jaw and has the full mouth of
teeth.
To eliminate the inconsistence in position, pose, and scale
caused by data acquirement, all the samples are transformed
into a uniform coordinate system. The uniform coordinate
system is determined by four skull landmarks, left porion,
right porion, left (or right) orbitale, and glabella (denoted as
𝐿 𝑝 , 𝑅𝑝 , 𝐿 𝑜 , 𝐺). From three points, 𝐿 𝑝 , 𝑅𝑝 , 𝐿 𝑜 , the Frankfurt
plane is determined [22]. The coordinate origin (denotes as
𝑂) is the intersection point of the line 𝐿 𝑝 𝑅𝑝 and the plane
that contains point 𝐺 and orthogonally intersects with line
𝐿 𝑝 𝑅𝑝 . We take the line 𝑂𝑅𝑝 as 𝑥-axis. The 𝑧-axis is the
line through the point 𝑂 and with the direction being the
normal of the Frankfurt plane. Then 𝑦-axis is obtained by the
cross product of 𝑧- and 𝑥-axis. Once the uniform coordinate
system is defined, all the prototypic skulls are transformed
into it. Finally, the scale of all the samples is standardized
by setting the distance between 𝐿 𝑝 and 𝑅𝑝 to unit; that is,
each vertex (𝑥, 𝑦, 𝑧) of the skull is scaled by (𝑥/|𝐿 𝑝 − 𝑅𝑝 |,
𝑦/|𝐿 𝑝 −𝑅𝑝 |, 𝑧/|𝐿 𝑝 −𝑅𝑝 |). One skull in the uniform coordinate
system is shown in Figure 1.
2.2. Statistical Shape Model Construction. Statistical shape
model is a widely used technique in medical image analysis.
It can efficiently describe the shape variance and ensure
that only statistically likely shapes are represented. Principal
Component Analysis (PCA) [23] is a powerful tool to build
statistical shape models, and it finds the major and minor
modes of shape variation across the training data. In order
to build the statistical model, a dense point correspondence
has to be established across the training set, that is, building
a point-to-point correspondence for all training samples
according to human anatomy characteristics. There are many
nonrigid registration methods [24–26] for dense mesh or
point cloud objects, and here we adopt the method presented
by Hu et al. [25]. As in [25], the back part of the reference
skull is cut away (as shown in Figure 2) considering that there

Computational and Mathematical Methods in Medicine
Z

3

Begin

Reference skull Sr = S

Align S0 to Sr by ICP

Sr = S(a)

Aligned sample S0

X
Y

Model parameter
determination using S0
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Figure 1: One skull in the uniform coordinate system.

End

Figure 3: Model matching procedure.

𝜆 𝑘 , which represent variation modes of the data. Then the
skull statistical shape model is constructed as in the following
parameterized model:
𝑀

S (a) = S + ∑ 𝑎𝑘 U𝑘 ,

(1)

𝑘=1

Figure 2: The back part of the reference skull is cut away.

are too many vertices in the whole skull, and the sexually
dimorphic traits are mainly on the front part of skulls. So
all of the aligned training skulls only keep the front part
corresponding to the reference.
By concatenating coordinates of all the vertices, a skull
can be represented as a high dimension vector. Thus we
𝑆
𝑆
𝑆
, 𝑦𝑖1𝑆 , 𝑧𝑖1
, . . . , 𝑥𝑖𝑚
,
construct a dataset of skulls {S𝑖 = (𝑥𝑖1
𝑆
𝑆 𝑇
𝑦𝑖𝑚 , 𝑧𝑖𝑚 ) | 𝑖 = 1, 2, . . . , 𝑁}, where each coordinate index
labels corresponding points across the training set.
From the skull dataset, the mean skull data S and
covariance matrix Σ of the mean normalized skulls are
calculated. PCA essentially transforms the mean normalized
shape data into a subspace spanned by the orthogonal unit
eigenvectors U𝑘 , 𝑘 = 1, 2, . . . , 𝑁 − 1, of the covariance matrix
in descending order according to their associated eigenvalues

where the number 𝑀 is the mode number, usually determined by a variance contribution rate calculated from the
cumulative eigenvalues, and the combination coefficient a =
(𝑎1 , 𝑎2 , . . . , 𝑎𝑀)𝑇 is the model parameter. Apparently this
statistical shape model assumes that the shape vectors S
obey a normal distribution with mean S and covariance
matrix Σ, so the parameter a for a plausible skull meets a
normal distribution with zero mean and covariance matrix
diag(𝜆 1 , 𝜆 2 , . . . , 𝜆 𝑀).
2.3. Statistical Shape Model Matching. Model matching is to
determine the model parameter for a given skull. If the skull
data S0 is aligned, the model parameters can be determined
by PCA transform. According to the statistical models (1),
let P𝑠 = [U1 , U2 , . . . , U𝑀] denote the PCA transform matrix
for skulls, and the model parameter can be determined as
follows:
a = P𝑇𝑠 (S0 − S) .

(2)

So in fact the model matching is a procedure of the skull
registration. Given an unknown prototypic skull data 𝑆0 , it
is firstly transformed into the uniform coordinate system as
Section 2.1 describes. Figure 3 shows a statistical shape model
based registration algorithm. As shown in Figure 3, a dynamic
reference, denoted as S𝑟 , is updated by the statistical shape
model in each loop, whose model parameter is determined
by the PCA transform of the corresponding aligned sample
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2.4. Fisher Discriminant Analysis in the Shape Parameter
Space. Fisher discriminant analysis is increasingly used for
skull sex determination. It projects samples from a highdimensional feature space into one axis called Fisher vector,
in which optimal linear classification can be achieved. Different from previous methods, we perform Fisher discriminant
analysis not for skull measurements, but for shape parameters
of skulls.
According to the statistical shape model (1), a skull is
represented as a feature vector a = (𝑎1 , 𝑎2 , . . . , 𝑎𝑀)𝑇 . Let m𝑖 ,
𝑛𝑖 , 𝑖 = 1, 2, denote the mean and the number of the training
samples of the 𝑖th class, and let X𝑗𝑖 be the feature vector of the
𝑗th sample of the 𝑖th class. Then within-class scatter matrix
and between-class scatter matrix can be defined as follows:
2

𝑛𝑖

𝑖=1

𝑗=1

1
0.95
Classification accuracy

S0 of last iteration. The initial reference is selected as the mean
shape, and an ICP algorithm [27] is used to align a target
to the reference. Apparently, the dynamic reference will be
closer and closer to the target skull along with the iterating,
so the iteration will converge. When the aligned sample does
not change, the iteration stops.

0.9
0.85
0.8
0.75
0.7

23 30 40 50 60 70 80 90 100 110 120 130 140 150
The mode number
Female
Male
Total

Figure 4: Variation of the correct classification rate of the test
samples with the mode number.

𝑇

S𝑤 = ∑ ( ∑ (X𝑗𝑖 − m𝑖 ) (X𝑗𝑖 − m𝑖 ) ) ,

(3)

3. Results

𝑇

S𝑏 = (m1 − m2 ) (m1 − m2 ) .
The Fisher criterion is that the samples of the same class
are aggregated in the Fisher vector space, while the samples
of different class are separated as much as possible. So the
objective function is defined as follows:
J𝐹 (w) =

w𝑇 S𝑏 w
.
w𝑇 S𝑤 w

(4)

By Lagrange Multiplier, the Fisher vector to this maximization problem is as follows:
w = S−1
𝑤 (m1 − m2 ) .

(5)

Then each skull feature vector a can be projected to the Fisher
vector, in which two classes of samples can be well separated:
𝑡 = W𝑇a.

(6)

Finally, a threshold is selected by using some prior knowledge, for example,
(m1 + m2 )
(7)
.
2
Given an unknown skull, the procedure of the sex determination is as follows.
𝑡0 = W𝑇

Step 1. Perform the statistical shape model matching to
determine the shape parameter as Figure 3 describes.
Step 2. Project the shape parameter to the Fisher vector, and
get the projection value 𝑡.
Step 3. If the value is larger than the threshold, the skull
gender is male. Otherwise, it is female.

The used data are the 208 whole skull CT scans described
in Section 2. We chose about three-fourths of the 208
skulls according to the age distribution as training samples,
including 92 males and 58 females, and other skulls as test
samples. In order to determine an appropriate mode number
(𝑀 in (1)) to build the statistical shape model, we use the
trial and error technique and analyze the variation of the
classification accuracy of the test samples with varying the
mode number by experiments. It is well known that, in
PCA, generally only some eigenvectors corresponding to
large eigenvalues of the covariance matrix represent modes
of variation of the data, while others represent noises. We
vary the mode number from 23 to 150, corresponding to
variance contribution rate from 96% to 100%, and the correct
classification rates for test samples are shown in Figure 4,
while the rate of training samples is 100% when the mode
number is larger than 80. From Figure 4 we can see that the
correct classification rate of females is always higher than that
of males, both of the correct rates for females and males are
above 86% when the mode number is greater than 80, and the
total correct rate for all test samples reaches maximum with
the mode number being 91, 118, 119, and 120. Since the correct
rate is stable with the mode number varying from 118 to 120,
we use 119 modes to build the statistical shape model.
Figure 5(a) shows the classification of the training samples with the mode number being 119, and the classification
accuracy of the training samples is 100%. Figure 5(b) shows
the classification of the test samples. One female and 3 males
are misclassified, and the correct rate is 95.7% and 91.4% for
females and males, respectively. We also classify the whole
208 samples using leave-one-out strategy. That is, repeatedly
207 samples are chosen as training samples, and the residual
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Figure 5: Classification of training samples (a) and test samples (b).

one is used as test sample. The mode number is still 119, which
maybe is not the optimal selection. The correct classification
rate is 91.3% and 90.1% for males and females, respectively.
Compared with the accuracy of 87% by Shui [21], which is a
metric analysis method and uses a subset of our 208 skulls
to establish the discriminant functions, this method highly
improves the accuracy.

4. Discussion
Traditional morphological methods depend heavily on physical anthropologists’ subjective understanding of population
differences in sexual dimorphism. Different observers usually
have a significant difference when performing the visual
assessment of the morphological traits, especially for those
inexperienced observers. On the other hand, discriminant
analysis for skeletal measurements depends less on the
examiner’s professional qualification and experience, but it
requires a high measurement precision, which is not easy to
realize. Majority of scientists contend that the combination
of metrical and morphological methods is the best way [28].
In this work, we use 3D dense point cloud data to build the
statistical shape model, and in a sense, the model parameters
metrically describe the skull morphology. So the method
combines the advantages of metrical and morphological
methods. Different from previous methods, what this method
measures is not distance- or volume-related variables, but
global shape variations.
Previous studies [18] show that the performance of sex
determination outside the reference population group for
which the discriminant function has been developed is poor.
We do not know whether this method also has this problem
due to lack of skull samples of another population, but there
indeed exists the problem of selection of training samples.
The more complete the training samples are, the better

the performance is. That is, the training samples should
depict shape variations as much as possible. We think that
only if other populations have similar shape variations, the
discriminant model we build is applicable. That just is the
reason that the correct classification rate of females is uniformly higher than that of males, as shown in Figure 4. When
the statistical shape model and the discriminant function
have been established, sex determination of an unknown
skull becomes easy to perform, and needs no professional
qualification and tedious manual measurement. Moreover,
although we use CT scans to construct 3D point cloud model
of the skull in this work, the statistical shape model we build
also can deal with 3D models constructed in any way such as
laser scan 3D camera.
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Previous studies developed ultrasound temperature-imaging methods based on changes in backscattered energy (CBE) to monitor
variations in temperature during hyperthermia. In conventional CBE imaging, tracking and compensation of the echo shift due to
temperature increase need to be done. Moreover, the CBE image does not enable visualization of the temperature distribution in
tissues during nonuniform heating, which limits its clinical application in guidance of tissue ablation treatment. In this study, we
investigated a CBE imaging method based on the sliding window technique and the polynomial approximation of the integrated
CBE (ICBEpa image) to overcome the difficulties of conventional CBE imaging. We conducted experiments with tissue samples
of pork tenderloin ablated by microwave irradiation to validate the feasibility of the proposed method. During ablation, the raw
backscattered signals were acquired using an ultrasound scanner for B-mode and ICBEpa imaging. The experimental results showed
that the proposed ICBEpa image can visualize the temperature distribution in a tissue with a very good contrast. Moreover, tracking
and compensation of the echo shift were not necessary when using the ICBEpa image to visualize the temperature profile. The
experimental findings suggested that the ICBEpa image, a new CBE imaging method, has a great potential in CBE-based imaging
of hyperthermia and other thermal therapies.

1. Introduction
Previous studies have shown that hyperthermia complements
chemotherapy and radiotherapy, increasing the success of
cancer treatment [1–3]. When using hyperthermia, monitoring temperature is essential to ensure accurate and appropriate thermal dosage. The development of temperatureimaging techniques to measure the distribution of temperature has, therefore, been a long-term critical research goal.
Magnetic resonance imaging (MRI) is currently the standard imaging method used to monitor temperature changes
in tissues [4, 5]. Previous studies have shown that MRI can
provide satisfactory spatial resolution with a temperature

accuracy of 1∘ C. However, imaging temperature variations
in heated regions using MRI might be difficult in practice
because of the requirements for significant capital investment
and the development of compatible heating therapies [6].
Compared to MRI, ultrasound imaging provides a convenient
and powerful tool because of low cost, use of nonionizing
radiation, simple signal processing, and real-time capability. Ultrasound imaging might, therefore, provide a more
appropriate option for the clinical monitoring of temperature
distributions.
The frequently used acoustic parameters for the monitoring of temperature include (1) echo shifts caused by changes
in tissue thermal expansion and speed of sound [7, 8],
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(2) variations in acoustic attenuation [9], and (3) changes in
the backscattered energy (CBE) of ultrasound [10, 11]. Each
method has specific temperature sensitivities, applications,
and limitations. Previous studies identified that the CBE,
in comparison with echo shifts and attenuation, is nearly
monotonic in the clinical hyperthermia temperature range
[10–12]. Considering the clinical value of imaging tools that
visually display temperature profiles in tissues, investigators
further proposed the CBE image based on a parametric
mapping of CBEs as an ultrasound temperature-imaging
method for the monitoring of regions undergoing heating [6,
13, 14]. The recent literature has confirmed the usefulness of
the CBE image for detecting variations in tissue temperatures.
In practice, use of the CBE image for temperature estimation may have some difficulties. First, the CBE image is
a ratio map obtained from the envelope image divided by
the reference envelope image on a pixel-to-pixel basis [13].
Because temperature change induces the displacement of
image features [13], the tracking of pixels between images
obtained at adjacent temperatures is necessary to obtain the
correct CBE at each pixel. Motion tracking and compensation
are typically the most computationally intensive components
of temperature imaging and hinder its real-time implementation [7, 8, 15, 16]. On the other hand, increasing temperature
might also increase the degree of acoustic nonlinearity [17].
In this condition, local waveforms of the received radiofrequency (RF) signals can differ, resulting in greater error
when performing pixel-by-pixel division between two images
following motion tracking and compensation [18]. In addition, the CBE image cannot clearly illustrate the contours
of temperature distribution in a tissue during nonuniform
heating by high-intensity focused ultrasound (HIFU) or
microwave ablation. This is because the CBE image behaves
in the same manner as a speckle image, reducing sensitivity
and contrast for illustration of the temperature profile.
Clinical application of CBE imaging during hyperthermia
and other thermal therapies might, therefore, require a
different imaging method for guidance of the tissue ablation
process based on the CBE concept. This study investigated
a new CBE imaging method based on the mathematic
polynomial approximation of the integrated CBE (ICBEpa )
estimated using the sliding window technique, which have
resolved the limitations of the conventional CBE image.
In the next section, we introduce the theoretical background of the CBE image and present the concept and details
of the new CBE imaging method. Then, we describe the
experimental procedures used to validate the feasibility of the
proposed method. The results are presented for discussion.
The impact and contributions of this study are summarized
in conclusion.
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are primarily caused by thermal effects on the backscatter
coefficient. The temperature dependence of the backscattered
energy can be simplified by normalizing it to the baseline
value obtained at a reference temperature (typically 37∘ C),
removing the influence of factors with little or no temperature
dependence. The CBE, as a function of temperature for a
single scatterer, can then be approximated as the ratio of the
temperature-dependent backscatter coefficients (𝜂 values) at
temperature 𝑇 and reference temperature 𝑇𝑅 :
2

𝜌 𝑐(𝑇)2𝑚 − 𝜌𝑠 𝑐(𝑇)2𝑠
𝜂 (𝑇)
1 3𝜌𝑠 − 3𝜌𝑚 2
)
+
))
= (( 𝑚
(
3 2𝜌𝑠 + 𝜌𝑚
𝜂 (𝑇𝑅 )
𝜌𝑠 𝑐(𝑇)2𝑠
2

where 𝜌 is the mass density, 𝑐(𝑇) is the temperaturedependent sound speed, and the 𝑚 and 𝑠 subscripts refer
to the medium and scatterer, respectively. From the model
described in (1), it can be predicted that the backscattered
energy contributed by lipid-based scatterers would increase
with increasing temperature, whereas that corresponding to
aqueous scatterers would decrease [10–12].
The algorithmic procedure used to form the CBE temperature image has been described previously [13, 14]. In
brief, the speckle motions (echo shift) caused by changes in
sound speed and tissue thermal expansion were tracked and
compensated by maximizing the cross-correlation between
images obtained at adjacent temperatures. Optimization and
image resampling were performed to eliminate the dependence of the image on the spatial sampling period. Envelope
data of the compensated images at each temperature were
obtained using Hilbert transform. Envelope values were
squared to determine the backscattered energy. The CBE
image was then obtained by calculating the ratio of the
backscattered energy at each temperature relative to the
reference at each pixel.
2.2. Proposed CBE Imaging Method. The proposed algorithm
for CBE imaging first used a square window within the
envelope image at temperature 𝑇 to collect the regional
backscattered envelopes ℎ(𝑇). If 𝐸[⋅] denotes the statistical mean, then the regional CBE value (in decibels; dB),
calculated using the data acquired by the window (CBE𝑤 ),
compared to the reference temperature 𝑇𝑅 , can be calculated
using
CBE𝑤 = 10 ⋅ log10 (

2. Methods
2.1. Conventional CBE Imaging Method. Previous studies
have extensively investigated the temperature dependence of
the CBE and the CBE imaging algorithm [6, 10–14]. According to the above literatures, we briefly review the principle of
the CBE. Changes in backscattered energy with temperature

−1

2 2

𝜌𝑚 𝑐(𝑇𝑅 )𝑚 − 𝜌𝑠 𝑐(𝑇𝑅 )𝑠
1 3𝜌𝑠 − 3𝜌𝑚 2
× ((
)
+
)) ,
(
2
3 2𝜌𝑠 + 𝜌𝑚
𝜌𝑠 𝑐(𝑇𝑅 )𝑠
(1)

𝐸 [ℎ(𝑇)2 ]
2

𝐸 [ℎ(𝑇𝑅 ) ]

).

(2)

The regional CBE𝑤 was assigned as the new pixel located in
the center of the window. The described process was repeated
with the window moving throughout the entire envelope
image in steps of a certain number of pixels determined by
the window overlap ratio (WOR), yielding the CBE𝑤 image
as the map of regional CBE𝑤 values.
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The absolute value map of the CBE𝑤 image was then
used as the integrated CBE (ICBE) image. The ICBE map
needs further processing for visualization of temperature
distributions and heat transfer in ablated tissue during
nonuniform heating. Previous studies have extensively used
the mathematic polynomial approximation to fit experimental data and predict temperature distribution and heat
conduction behavior [19–21]. This study applied the polynomial approximation during ICBE image processing. Suppose
that the original ICBE image prior to smoothing is 𝑋𝑖,𝑗 ,
where 𝑖 and 𝑗 are indices of the image depth and width,
respectively. We assumed that the function in each direction
was a polynomial of order 𝑝. Because 𝑝 is much smaller than
the number of pixels in the axial and lateral directions, the 𝑋𝑖,𝑗
data were used to determine the optimal polynomial using
the least-squares method. 𝑋𝑖,𝑗 was replaced with the value
calculated by the optimal polynomial. This approximation
was performed along each line in the axial and lateral direction, with 𝑓𝑝 (⋅; 𝑉) being the optimal polynomial of order 𝑝
reconstructed from the vector 𝑉 = (𝑉1 , 𝑉2 , . . . , 𝑉𝑛 ) located at
indices 1, 2, . . . , 𝑛. After applying polynomial approximations
in the lateral and axial directions, image 𝑋𝑖,𝑗 was constructed
using the following two procedures:
∗
𝑋𝑖,𝑗

= 𝑓𝑝 (𝑖; 𝑋1:𝑛𝑑 ,𝑗 ) ,

for each 𝑗,

∗
𝑋𝑖,𝑗 = 𝑓𝑝 (𝑗; 𝑋𝑖,1:𝑛
),
𝑤

for each 𝑖,

(3)

where 𝑛𝑑 and 𝑛𝑤 are the numbers of pixels in the axial
(depth) and lateral (width) directions, respectively, 𝑋1:𝑛𝑑 ,𝑗 is
∗
the vector 𝑋1,𝑗 , 𝑋2,𝑗 , . . . , 𝑋𝑛𝑑 ,𝑗 , 𝑋𝑖,𝑗
is the intermediate image,
and 𝑋𝑖,𝑗 is the ICBEpa image.

3. Experimental Verification
3.1. Ablation Experiments. The feasibility of the proposed
method to monitor the distribution of temperature during
nonuniform heating was evaluated by conducting tissue
ablation experiments on excised tissues. The tissue sample
was prepared from pork tenderloin extracted from the psoas
major muscle along the central spine. Tissue ablation was
conducted using a microwave delivery system (UMC-1,
Chinese PLA General Hospital, Institute 207 of the Aerospace
Industry Company, Beijing, China) that operates at a frequency of 2.45 GHz and has electrical power ranging from 1 to
99 W. The tenderloin sample was preheated by a temperatureregulated water tank to an initial reference temperature
of 37∘ C. The microwave antenna was then inserted into
the sample for irradiation. Ablation treatment performed
at 2 W for 420 s produced significant and stable increases
in temperature. A commercial ultrasound scanner (Model
2000, Terason, Burlington, MA, USA) that can output raw
RF signals digitized at a sampling rate of 30 MHz was used
to image the tissue during heating. A wideband linear array
probe (Model 10L5, Terason) with a central frequency of
approximately 7 MHz was used. A pulse echo test of the transducer showed that the pulse length was 0.7 mm. The image
raw data were acquired every 20 s. Each image consisted of

128 scan lines of backscattered signals, and Hilbert transform
was applied to each scan line to obtain the corresponding
envelope image. The temperature as a function of ablation
time was measured using a thermocouple that was attached to
the microwave antenna. Measurements of five tissue samples
were performed. The experimental setup is shown in Figure 1.
3.2. Data Analysis. The envelope signals obtained from tissue
samples were used for B-mode and CBE imaging. The Bmode image formation was based on the log-compressed
envelopes with a dynamic range of 60 dB. A sliding square
window with side lengths corresponding to one pulse length
(0.7 mm) was selected to construct the CBE𝑤 , ICBE, and
ICBEpa images. To evaluate the performances of the new CBE
image in temperature estimation, the image data were used to
calculate the pixel magnitude as a function of heating time.
Moreover, the contrast-to-noise ratio (CNR) was calculated
as an estimate of the contrast resolution, defined as

 𝜇
 ablation region − 𝜇background 
 ,

CNR = 
 𝜎ablation region + 𝜎background 



(4)

where 𝜇 and 𝜎 are the mean and standard deviation of the
pixel values in the images, respectively. The above quantitative
data analyses were based on data acquired from the regions
of interest (ROI) located in the background and the ablation
zone. The sizes of the ROI were 5 mm × 5 mm.

4. Results
Figure 2 shows the temperature as a function of ablation
time and the typical image for the cross-section of pork
tenderloin after microwave ablation. The temperature in the
ablation region surrounding the antenna increased from
approximately 37∘ C to 46∘ C during heating. In the end
of ablation, a tissue denaturation region with a roughly
circular shape with a diameter of about 1 cm was formed
in the tissue background. Figure 3 shows typical B-scans of
pork tenderloin obtained during microwave ablation and the
corresponding CBE𝑤 images (a WOR of 80% was used). The
brightness of the red-blue interlaced shading in the CBE𝑤
image gradually increased with increasing temperature. Figure 4 shows the results of the ICBE image and the average
ICBE as a function of heating time. The brightness of the
ICBE image increased during heating, corresponding to the
average ICBE value increase from 0 dB to 4 dB.
Figure 5(a) shows the results of the ICBEpa images (using
order 7). We observed that the brightness of the ICBEpa
image gradually increased during heating for 420 s, with the
average ICBEpa value increasing from 0 dB to approximately
2 dB, as shown in Figure 5(b). This demonstrated that the
ICBEpa image can visualize the temperature distribution in
the tissue. To evaluate the enhancement of the contrast after
applying polynomial approximation, the curves of the CNR
were plotted as a function of heating time in Figure 6. The
dynamic range of the CNR during the heating for the ICBE
image was approximately 1.6. In contrast, the dynamic range
of the CNR for the ICBEpa image was 13.4. The ICBEpa image,
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Figure 1: (a) Schematic diagram of the experimental setup. (b) A real representation of the experimental setup.
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Figure 2: Temperature measurement during microwave ablation and the typical image of tissue section after ablation.

thus, allows the temperature profile to be visualized with
excellent image contrast.
Figure 7 shows examples of the CBE𝑤 , ICBE, and ICBEpa
images postheating for 400 s, using WORs of 20%, 50%, and
80%, respectively. We observed that a lower WOR degraded
the resolutions of the CBE𝑤 and ICBE images because of the
use of fewer pixels to form the image. However, the features
and patterns of the ICBEpa image did not exhibit significant
changes, with the ICBEpa image still well-describing the
contour of the temperature distribution. Figure 8 displays

ICBEpa images of pork tenderloin obtained postheating for
400 s, using polynomial approximations of different orders.
Compared with the cross-sections of pork tenderloin shown
in Figure 2, the ICBEpa image might overestimate the temperature distribution when using lower order polynomial
approximations. The ICBEpa image might reflect the actual
temperature distribution when using polynomial approximations of orders of 6 to 7, whereas using higher order
polynomial approximations might underestimate the range
of the temperature distribution.
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Figure 5: (a) Examples of ICBEpa images of pork tenderloin obtained at different heating times; (b) ICBEpa values obtained in the tissue
ablation experiments as a function of heating time.
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is larger than the maximum echo shift between 37∘ C and
50∘ C revealed in the previous study. In this circumstance, the
resolution of the CBE image constructed using the sliding
window technique is actually not enough to describe the
behavior of echo shift. This may be the reason why our CBE
imaging methodology can work without echo shift tracking
and compensation.

n=5

20

CNR

15
10
5

0
100

0

7

200
Time (s)

300

400

ICBE image
ICBEpa image

Figure 6: Contrast-to-noise ratios as functions of heating times for
ICBE and ICBEpa images.

5. Discussion
5.1. The Significance of This Study. Implementing real-time
temperature imaging based on the CBE concept in different clinical applications requires the development of a
new CBE imaging method to overcome the limitations of
conventional CBE imaging. In our opinion, CBE imaging
for clinical purposes should have two essential features: (i)
reduced dependency of the image performance on echo shift
tracking and compensation, with no requirement for echo
shift compensation being the objective, and (ii) the ability
to visualize the contour of temperature distribution during
nonuniform heating, enabling its application in guidance of
tissue ablation. The current results have demonstrated that
the proposed CBE imaging method fulfills the above two
requirements.
5.2. Window Size for Constructing the Proposed CBE Imaging.
In our proposed CBE imaging method, the algorithm replaces
the pixel-to-pixel calculation with a “region-to-region” calculation. The reason is that using data within a windowed region
reflected average trend of backscattered energy, which may
reduce the influence of echo shifts and waveform distortion
due to heating tissues. Under this assumption, how to select
an appropriate window size for regional CBE computation is a
key determination to implement visualization of temperature
distributions in the absence of echo shift tracking and compensation. According to the analysis by Seip and Ebbini [22],
the movement of a scatterer caused by thermal expansion
when the temperature increases from 37∘ C to 50∘ C is typically
less than 2 𝜇m. Over this temperature range, the maximum
speckle motion caused by changes in the sound speed for
different types of tissues is approximately 0.5 mm in the axial
and lateral directions [13]. In this study, the side length of
the square window used for regional CBE computation was
determined by the pulse length of the used transducer, which

5.3. Polynomial Approximation of the CBE Image. The idea
for the proposed algorithmic procedure is similar to the
concept of ultrasound Doppler imaging. We can better
understand the spirit of the new CBE imaging method from
the comparison with Doppler ultrasound. The Doppler shift
signals in color Doppler ultrasound imaging are presented in
color and superimposed on grayscale images to reflect blood
flow information associated with velocity and direction.
Limitations of the color Doppler ultrasound image include
angle dependence, aliasing, and insensitivity to slow flows
[23]. These limitations are less significant in power Doppler
images that include positive and negative components of the
Doppler shift signals [23, 24].
As discussed, the ultrasound CBE increases with increasing temperature for lipid-based scatterers and decreases with
increasing temperature for aqueous scatterers. Similar to
the shadings of color Doppler ultrasound corresponding
to different flow directions, the conventional CBE image
typically also has two shadings: one for lipid-based scatterers (increasing CBE) and the other for aqueous scatterers
(decreasing CBE). However, these two shading types can be
ambiguous if CBE imaging is performed without echo shift
tracking and compensation. This shading ambiguity could be
treated as the aliasing effect of the CBE image, which is similar
to the aliasing effect caused by an insufficient pulse repetition
rate in color Doppler ultrasound. Like the concept of power
Doppler ultrasound, the ICBE image is formed by integrating
the positive and negative CBE values as the strengths. In this
condition, the ICBE image cannot reflect the properties of
scatterers in a tissue (lipid-based or aqueous). Nevertheless,
it may be treated as an aliasing-independent CBE image to
provide a better sensitivity and contrast for the depiction of
temperature distribution in a nonuniform heating region.
However, we found that the speckle-like features in
the ICBE image still hinder improving the performance of
temperature profile visualization. The ICBE image has the
ability to describe the temperature distribution in ablated
tissues, but it did not have a relatively high CNR. In the
contrary, the speckle-free ICBEpa image had a larger CNR,
demonstrating that the polynomial approximation provides
the ICBE image with the ability to highlight the region and
location of ablation by reflecting temperature information
with very good contrast.
5.4. Considerations on Performing Polynomial Approximation
of the CBE Image. Some aspects of the algorithmic parameters for construction of the ICBEpa image require further discussion to point out some considerations in practice. At first,
our results demonstrated that the WOR did not significantly
affect the ICBEpa image. This suggested that constructing
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Figure 7: Examples of ((a)–(c)) CBE𝑤 , ((d)–(f)) ICBE, and ((g)–(i)) ICBEpa images of pork tenderloin postheating for 400 s, constructed
using WORs of 20%, 50%, and 80%, respectively.

the ICBEpa temperature image using a lower WOR is feasible
to reduce the computational load. Second, the order selection
of conducting polynomial approximation would affect the
accuracy of estimations of the effective range and size of the
temperature profile for the transfer of heat in ablated tissue
[25]. This difficulty can be confirmed by our experimental
results, indicating that using an inappropriate order for the
polynomial approximation can result in overestimation or
underestimation of the temperature profile. Some previous
studies have also shown that using a polynomial might not be
robust to outliers, which can cause fitting errors in ultrasound
data [26, 27]. Future studies should aim to explore the optimal
polynomial approximation for producing clinical ICBEpa
images.
5.5. Limitations and Future Work. For temperature elevations higher than 45∘ C, the major limitation of ultrasound
temperature estimation comes from the irreversible changes
in the acoustic properties of tissue caused by necrosis. This
may explain why the image parameter and the temperature

do not have a linear relationship. On the other hand, the
proposed CBE image is dedicated to the visualization of the
temperature distribution in a tissue. Absolute temperature
values are unavailable from the reading of the proposed
CBE image. However, this limitation may be overcome by
establishing a calibration table for further applications of
temperature measurements.
It is worth noting that the construction of the proposed
CBE imaging method just needs raw RF signals acquired
from a standard pulse-echo ultrasound system and does
not require echo shift compensation. This implies that the
algorithm of the proposed CBE imaging method can be
combined with most commercial ultrasound systems, making it possible to implement real-time temperature imaging.
However, the frame rate of real-time temperature imaging is
difficult to estimate in the current stage, because the computational efficiency may depend on system specifications
and programming skills. In future developments, we would
suggest using hardware and parallel processing techniques as
the algorithmic kernel to make the frame rate of temperature
imaging close to that of ultrasound B-scan.
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Figure 8: ((a)–(i)) Examples of ICBEpa images of pork tenderloin postheating for 400 s, constructed using polynomial approximations of
different orders.

6. Conclusion
In this study, we have proposed a new CBE imaging method
based on the combination of the sliding window technique
and the polynomial approximation (i.e., ICBEpa image)
to successfully implement the visualization of temperature
distribution in the ablated tissue. The ICBEpa approach is
an aliasing-independent and speckle-free temperature image
that visualizes temperature profile with no requirement for
echo shift tracking and compensation, indicating the potential clinical application of CBE imaging in guidance of tissue
ablation and other thermal therapies.
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As the uneven distribution of contrast agents and the perspective projection principle of X-ray, the vasculatures in angiographic
image are with low contrast and are generally superposed with other organic tissues; therefore, it is very difficult to identify
the vasculature and quantitatively estimate the blood flow directly from angiographic images. In this paper, we propose a fully
automatic algorithm named adaptive geometrical vessel tracking (AGVT) for coronary artery identification in X-ray angiograms.
Initially, the ridge enhancement (RE) image is obtained utilizing multiscale Hessian information. Then, automatic initialization
procedures including seed points detection, and initial directions determination are performed on the RE image. The extracted
ridge points can be adjusted to the geometrical centerline points adaptively through diameter estimation. Bifurcations are identified
by discriminating connecting relationship of the tracked ridge points. Finally, all the tracked centerlines are merged and smoothed
by classifying the connecting components on the vascular structures. Synthetic angiographic images and clinical angiograms are
used to evaluate the performance of the proposed algorithm. The proposed algorithm is compared with other two vascular tracking
techniques in terms of the efficiency and accuracy, which demonstrate successful applications of the proposed segmentation and
extraction scheme in vasculature identification.

1. Introduction
World Health Organization’s survey of “The top ten causes of
death” acknowledged the fact that coronary artery diseases
(CADs) are the leading cause of human deaths worldwide.
CADs were responsible for 7.25 million deaths in 2008, which
accounted for 12.8% of the total deaths worldwide, and this
number of deaths has been increasing ever since [1]. The Xray angiography is an effective technique for imaging of the
coronary artery and is considered as the “golden standard”
for clinical observation of coronary anatomy and identification of vascular stenosis [2]. Therefore, it is widely used
in clinical diagnosis and monitoring of disease. The coronary
artery obtained from the X-ray angiograms can provide
useful parameters for quantitative assessment and diagnosis
of cardiovascular disease. Furthermore, the extraction of
coronary arteries from the sequence of angiographic images
is an important basis for heart motion analysis [3–5] and

3D vascular reconstruction [6–9]. However, fully automatic,
robust, and accurate extraction of coronary artery from
angiograms is still a challenging task so far. The main difficulties for the accurate vascular structure extraction or identification in angiograms are as follows: (1) the irregular gray level
distribution of blood vessel due to the uneven perfusion of
the contrast agent; (2) the nonvascular structures background
interference including bones, catheters, and soft tissues; (3)
the diversity of direction and width of the vessels; and
(4) the commonly existing motion artifacts due to the heart
motion and the presence of some pathological lesions.
In the past two decades, a few methods have been studied
for the extraction of the blood vessels in angiographic images,
such as morphology based methods [10], tracking based
methods [11–16], multiscale based, methods [17, 18], edge
detection methods, and registration based methods [19, 20].
Among them, the tracking-based methods proved to be very
effective, which can detect coronary artery according to the
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local response of the angiograms and do not need to scan the
whole image. Also, the methods extract the parameters
including centerlines, diameter, or bifurcations using an
adjustable pattern element to fit incremental section tracking
procedures.
For conventional tracking-based algorithm, adapted
diameter measurement [11] often suffers from artifacts due to
nonuniform contrast distribution of the contrast materials.
Diameter measurement approaches have been applied to the
single segment and the full vascular network and can produce
acceptable quality in the coronary artery extraction [21]. And
also, certain new template-based techniques have been introduced [14–16] to fit the coronary artery structure in the tracking procedure, such as rectangular or circular templates [15],
Gabor filters [14], and Gaussian kernels [16]. The templatebased model construction is known to be complicated and
time consuming. Most of them need to create massive templates according to the variation of diameter and direction of
coronary artery.
To reduce the calculation complexity, an alternative solution of intensity ridge detection is utilized to approximate
the medial axes of the coronary artery. Aylward and Bullitt
[12] proposed a centerline tracking algorithm based on
ridge detection in multi-scale space, which is constructed by
extracting the ridge using eigen decomposition of the Hessian
matrix. Zamani Boroujeni et al. [13] employed a ridge scanning scheme for reliable identification of the vessel points and
calculating the magnitude by adaptive look-ahead distance
method. However, due to the effects of low image quality and
noise, ridgeline cannot be exactly located at the geometrical
center of coronary artery.
In this paper, an adaptive geometrical vessel tracking
(AGVT) algorithm is proposed for the automatic extraction
of coronary artery from angiograms. There are two main
contributions of this study. First, an automatic initialization
algorithm including location and direction of the seed point
is proposed. Second, ridge points are recursively detected in
consecutive scanlines, which are then adjusted to the geometrical centers according to the estimated diameters. The
proposed method does not require any human intervention
beforehand and can simultaneously estimate the parameters
for quantitative analysis of vasculature including centerlines,
diameter, and bifurcations.

2. Methods
The proposed AGVT algorithm is composed of three main
steps: ridge enhancement, seeds determination, and adaptive
tracking. The brief description of the calculation procedures
is as follows.
(1) Ridge enhancement: the angiogram is first convoluted
with a Gaussian kernel with different standard deviation. For each scale of convolution, the blood vessel
is enhanced by combination of eigenvalue response
of the Hessian matrix, and the maximum responses
for each level of scale space are extracted as the RE
image. The enhancement procedure guarantees that

the background is suppressed and the vascular structures are highlighted in the RE image.
(2) Seeds determination: the seed points are detected by
scanning of local maximum, for which the intensity
is brighter than other points in the local area. The
forward and backward tracking directions of the
seeds are designed to detect the neighboring ridge
points.
(3) Adaptive tracking: rough centerlines are extracted
through sequentially detecting ridge point in RE
image, which are then further refined adaptively
to the geometric center according to the distance
between the vascular boundaries and current calculating point. If the bifurcation is identified by discriminating connecting relationship of the tracked ridge
points, the tracking will be divided into two paths
for each branch. Termination criteria are assigned to
ensure that the tracking is within the region of coronary artery without repetition. Finally, all the detected
centerlines are merged and smoothed, and also
false tracking results are removed.
2.1. Ridge Enhancement. In this paper, we use a multiscale
vascular enhancement filter (MVEF) [22] to obtain the RE
image. It enhances all the tubular targets along the centerline
and fades out the background. Suppose the 𝐻(𝑝) is the
Hessian matrix of a point 𝑝 on image 𝐼; then, the Hessian
matrix of the each pixel can be calculated as follows:
𝐻 (𝑝) = (

𝐼𝑥𝑥 (𝑝) 𝐼𝑥𝑦 (𝑝)
𝐼𝑦𝑥 (𝑝) 𝐼𝑦𝑦 (𝑝)

),

(1)

where subscripts 𝑥 and 𝑦 denote the second order derivate
along 𝑥 or 𝑦 direction. The eigenvalues of the matrix are
denoted by 𝜆 1 and 𝜆 2 (𝜆 1 ≤ 𝜆 2 ). According to the analysis
of [22], different eigenvalues of the Hessian matrix are corresponding to different types of structure, such as plate-like,
blob-like, tubular, and noises.
In order to detect different size of vessels, Gaussian kernel
with different standard deviation is usually convolved with
the angiogram [23, 24]. For a certain scale 𝜎, the intensity
differential of the point 𝑝 is expressed as follows:
𝜕
𝜕
𝐼 (𝑝, 𝜎) = 𝜎𝛾 𝐼 (𝑝) ∗
𝐺 (0, 𝜎) ,
𝜕𝑥
𝜕𝑥

(2)

where 𝛾 is the normalization coefficient as defined in [24]
and 𝐺(0, 𝜎) denotes a Gaussian function with the mean of
0 and standard deviation of 𝜎. The 𝜎 of the Gaussian kernel
is designed as a variant value to enhance different scale of
vessels. In implementation, 𝜎 is usually designed as a value
between the maximum and minimum size of the vascular
diameter to be enhanced. The enhancement response of
each pixel in scale space is computed, and the maximum
response is then utilized as the final enhancement result.
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Table 1: Quantitative comparison of Aylward, Boroujeni and the proposed algorithms.
Vessels

Max
1.68
2.71
3.66
3.69
2.60
2.52
3.43
3.27
3.99
3.06

V1
V2
V3
V4
V5
V6
V7
V8
V9
Mean

Aylward algorithm
Min
Mean
0.04
0.48
0.02
1.06
0.06
0.84
0.03
1.24
0.26
1.64
0.24
1.62
0.04
1.60
0.02
1.38
0.22
1.61
0.10
1.27

RMS
0.62
1.30
1.10
1.50
1.80
1.70
1.75
1.57
1.97
1.48

Boroujeni algorithm
Min
Mean
0.00
0.40
0.00
0.39
0.00
0.32
0.02
0.40
0.02
0.48
0.00
0.63
0.04
0.34
0.02
0.52
0.01
0.87
0.01
0.48

Max
2.28
2.82
1.19
2.21
0.96
2.10
1.94
2.07
2.67
2.03

The enhancement response 𝑉(𝑝) of pixel 𝑝 can be calculated
as follows:
𝑉 (𝑝, 𝜎)
{
{0,
={
𝜆2
𝜆2 + 𝜆2
{exp (− 21 2 ) [1 − exp (− 1 2 2 )]
2𝛽
2𝛼 𝜆 2
{
𝑉 (𝑝) =

max

𝜎min ≤𝜎≤𝜎max

if 𝜆 2 < 0
otherwise,

where 𝛼 and 𝛽 are control parameters, while [𝜎min , 𝜎max ] is
the size of the scale space.
2.2. Seeds Determination
2.2.1. Seed Points. After the ridge enhancement, the local
maximum points in the gray level space of the RE image are
located on the ridgelines, and they are detected as the initial
positions for the tracking. According to [25], if a point (𝑥, 𝑦)
is a local maximum, then its gradient is equal to zero and
its Hessian matrix is negative. However, the points satisfied
with these two conditions are usually with float coordinates.
Therefore, the seed points need to be interpolated according
to their neighboring coordinates.
For any pixel (𝑥, 𝑦) and its neighbor pixels (𝑥 + 1, 𝑦),
(𝑥, 𝑦 + 1), (𝑥 + 1, 𝑦 + 1), if there is a point (𝜉, 𝜂) (𝑥 < 𝜉 <
𝑥+1, 𝑦 < 𝜂 < 𝑦+1) that meets the conditions that ∇(𝜉, 𝜂) = 0
and 𝜆 1 (𝜉, 𝜂) < 0, 𝜆 2 (𝜉, 𝜂) < 0, then (𝜉, 𝜂) is a local maximum on the image. According to the bilinear interpolation
equation
𝑓 (𝜉, 𝜂) = [𝑥 + 1 − 𝜉 𝑥 − 𝜉]
𝑓 (𝑥, 𝑦)

𝑓 (𝑥, 𝑦 + 1)

𝑓 (𝑥 + 1, 𝑦) 𝑓 (𝑥 + 1, 𝑦 + 1)

𝑦+1−𝜂
×[
],
𝑦−𝜂

Max
0.59
0.67
1.09
0.55
0.91
1.31
1.33
1.64
1.31
1.04

Proposed algorithm
Min
Mean
0.02
0.27
0.01
0.28
0.01
0.28
0.01
0.21
0.01
0.41
0.01
0.41
0.06
0.29
0.09
0.47
0.01
0.41
0.03
0.34

]

(4)

RMS
0.30
0.32
0.37
0.25
0.48
0.53
0.38
0.62
0.53
0.42

we have
∇ (𝜉, 𝜂) = [𝑥 + 1 − 𝜉 𝑥 − 𝜉]
∇ (𝑥, 𝑦)
∇ (𝑥, 𝑦 + 1)
×[
]
∇ (𝑥 + 1, 𝑦) ∇ (𝑥 + 1, 𝑦 + 1)
𝑦+1−𝜂
×[
] = 0,
𝑦−𝜂
(5)

𝜆 𝑖 (𝜉, 𝜂) = [𝑥 + 1 − 𝜉 𝑥 − 𝜉]

𝑉 (𝑝, 𝜎) ,
(3)

×[

RMS
0.60
0.65
0.44
0.64
0.55
0.80
0.49
0.86
0.87
0.66

×[

𝜆 𝑖 (𝑥, 𝑦)

𝜆 𝑖 (𝑥, 𝑦 + 1)

𝜆 𝑖 (𝑥 + 1, 𝑦) 𝜆 𝑖 (𝑥 + 1, 𝑦 + 1)

𝑦+1−𝜂
×[
] < 0,
𝑦−𝜂

]

(𝑖 = 1, 2) .

The solutions of (5) are implicit; hence, the approximate
solutions can be solved by calculating the continuity of the
image and its differential information. If a point satisfied the
following equations:
∇ (𝑥, 𝑦) ∇ (𝑥 + 1, 𝑦 + 1) < 0 or
∇ (𝑥 + 1, 𝑦) ∇ (𝑥, 𝑦 + 1) < 0,
𝜆 𝑖 (𝑥 + 𝑚, 𝑦 + 𝑛) < 0,

(6)

(𝑖 = 1, 2, 𝑚 = 0, 1, 𝑛 = 0, 1)

there will be a point (𝜉, 𝜂) (𝑥 < 𝜉 < 𝑥 + 1, 𝑦 < 𝜂 < 𝑦 +
1), which satisfies the conditions ∇(𝜉, 𝜂) = 0 and 𝜆 1 (𝜉, 𝜂) <
0, 𝜆 2 (𝜉, 𝜂) < 0. Due to the continuity of image, (𝑥, 𝑦) is an
approximate solution of (𝑥, 𝑦).
Since there are still numerous noises with low gray value
in RE image, the extracted seed points are refined by an
intensity threshold 𝜏. If the intensity value of a candidate seed
point is below the predefined threshold, it will be discarded.
2.2.2. Tracking Directions. In this section, the initial tracking
directions of the detected seed points are obtained in RE
image. Suppose that 𝑝 is a detected seed point, while 𝑝+ and
𝑝− are its neighboring forward (with greater abscissa value)
and backward (with smaller abscissa value) points. Then
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l(p, r, 2𝜋 − 𝜑 − Δ𝜃, 2𝜋 − 𝜑 − Δ𝜃)

̃ k+1
p

r

𝜙

𝜑

dk Δ𝜃 ũ
k+1 l(pk , dk , 𝜃k − Δ𝜃, 𝜃k + Δ𝜃)
k
Δ𝜃k
p

p(𝜙)

k

p

uk

p(𝜑)

𝜃k

pk−1

Centerline

Figure 1: Determination of the forward and backward tracking
directions for a seed point.

the forward tracking direction u(𝑝+ ) and backward tracking
direction u(𝑝− ) of 𝑝 can be formulated as
𝑝+ − 𝑝
u (𝑝+ ) =  +
,
𝑝 − 𝑝
𝑝− − 𝑝
u (𝑝 ) =  −
.
𝑝 − 𝑝

(7)

−

As shown in Figure 1, for a seed point 𝑝 with coordinate
(𝑥𝑝 , 𝑦𝑝 ), we define a circle with radius 𝑟 centered at 𝑝, and the
points 𝑝(𝜃) (𝑝(𝜃) = 𝑝(𝑥𝜃 , 𝑦𝜃 )) on the circle can be expressed
as parametric equations as follows:
𝑥𝜃 = 𝑥𝑝 + 𝑟 cos (𝜃) ,

𝑦𝜃 = 𝑦𝑝 + 𝑟 sin (𝜃) ,

0 ≤ 𝜃 < 2𝜋.
(8)

As there are two intersections between the circle and the
centerline, the intersection points 𝑝(𝜑) and 𝑝(𝜙) hence can
be detected by calculating gray level difference along the path
of the circle. Here, the point 𝑝(𝜑) can be detected by finding
the maximum on the circle as follows:
𝜑 = arg max 𝐼 (𝑝 (𝜃)) .
𝜃∈[0,2𝜋)

(9)

Obviously, 𝑝(𝜑) is one of the points 𝑝+ or 𝑝− , while 𝑝(𝜙)
can be detected by finding the local maximum on the local
arc defined by 𝜑:
𝜙=

arg max

𝜃∈[2𝜋−𝜑−Δ𝜃,2𝜋−𝜑+Δ𝜃]

𝐼 (𝑝 (𝜃)) ,

(10)

where 𝜑 and 𝜙 represent the forward and backward tracking
angle of pixel 𝑝. [2𝜋 − 𝜑 − Δ𝜃, 2𝜋 − 𝜑 − Δ𝜃] represents the
searching interval. The condition of cos(𝜑) ≥ 0 means that
𝑝(𝜑) is located at the right side of 𝑝.
Since noise is widely scattered over RE image, it is
necessary to refine the seed points from the noise. Here, a
rectangle with size of 𝐿𝑥 × 𝐿𝑦 is constructed on the center
of each seed point. Then, if the average intensity within the
defined rectangle is below a predefined threshold 𝜏, this seed
point is removed.

Figure 2: The process of ridge tracking.

2.2.3. Adaptive Tracking
(a) Centerline Updating and Diameter Measurement. Due to
the nonuniform distribution of injected contrast, the ridgeline of vessel cannot be accurately located at the geometrical
center of the vessel in angiographic image. Hence, in this
paper, we first extract the ridge point in RE image and then
adjust it to the geometrical center by geometric symmetry
property of the boundaries of the vascular structures.
Figure 2 illustrates the process of ridge tracking. The
location and tracking angle of current centerline point are
denoted by 𝑝𝑘 and 𝜃𝑘 ; then, the relationship between the
tracking direction u𝑘 and tracking angle 𝜃𝑘 is defined as
follows:
u𝑘 = (cos 𝜃𝑘 , sin 𝜃𝑘 ) .

(11)

To detect the ridge point 𝑝̃𝑘+1 , the intensities of the pixels
located on arc 𝑙(𝑝𝑘 , 𝑑𝑘 , 𝜃𝑘 − Δ𝜃, 𝜃𝑘 + Δ𝜃) are enumerated and
compared. And the local maximum with intensity equal to
the ridge point 𝑝̃𝑘+1 can be found as follows:
𝐼 (𝑝̃𝑘+1 ) =

max

𝐼 (𝑝) ,

𝑝∈𝑙(𝑑𝑘 ,𝜃𝑘 −Δ𝜃,𝜃𝑘 +Δ𝜃)

(12)

where 2Δ𝜃𝑘 is the search scope and 𝑑𝑘 is the calculating step
size.
̃ 𝑘+1 can be defined by
Then, the initial tracking direction u
𝑝𝑘 and 𝑝̃𝑘+1 as follows:
𝑝̃ − 𝑝𝑘
̃ 𝑘+1 =  𝑘+1
u
𝑝̃𝑘+1 − 𝑝𝑘  .



(13)

Let 𝑝̃𝑘+1 and 𝑝̂𝑘+1 represent the detected ridge point and
its corresponding geometrical centerline point. As shown in
Figure 3, the intensity profile 𝑔̃𝑘+1 (𝑠) is defined by the scanline
̃ 𝑘+1 . And 𝑠 is denoted by
of 𝑝̃𝑘+1 , which is perpendicular to u
the curve parameter of 𝑔̃𝑘+1 (𝑠).
Hence, two estimated edge points 𝑔̃𝑘+1 (𝑠 + ) and 𝑔̃𝑘+1 (𝑠 − )
can be detected according to the gradient information of
𝑔̃𝑘+1 (𝑠):




∇ 𝑔̃𝑘+1 (̃𝑠+ ) = max ∇ 𝑔̃𝑘+1 (𝑠) ,
0<𝑠<𝐷
(14)




∇ 𝑔̃𝑘+1 (̃𝑠− ) = max ∇ 𝑔̃𝑘+1 (𝑠) ,
−𝐷<𝑠<0
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g
s+
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p
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pk+1

2
pk+2

Figure 3: Centerline point adjustment and diameter measurement.

where the parameter 𝐷 is the defined as the search size, while
+ and − denote the upward and downward direction of 𝑝̃𝑘+1 ,
respectively.
Then, we count the average gray value of the vessel points
and background to obtain the two corresponding edge points
̃𝑘+1 of the
𝑔̃𝑘+1 (̃𝑠+ ) and 𝑔̃𝑘+1 (̃𝑠− ). The average gray value 𝑉
vessel points in the profile 𝑔̃𝑘+1 (𝑠) is calculated as follows:
̃𝑘+1 =
𝑉

1
∑ 𝑔̃ (𝑠) .
𝑠̃+ − 𝑠̃− ̃𝑠− <𝑠<̃𝑠+ 𝑘+1

(15)

And the average gray value of background 𝐵̃𝑘+1 in 𝑔̃𝑘+1 (𝑠)
is calculated as follows:
𝐵̃𝑘+1 =

1
( ∑ 𝑔̃ (𝑠) + ∑ 𝑔̃𝑘+1 (𝑠)) .
2𝐷 − (̃𝑠+ − 𝑠̃− ) −𝐷<𝑠<̃𝑠− 𝑘+1
𝑠̃+ <𝑠<𝐷
(16)

The two edge points 𝑔̃𝑘+1 (̂𝑠+ ) and 𝑔̃𝑘+1 (̂𝑠− ) with
̃𝑘+1 + 𝐵̃𝑘+1 ) on either side of
value less than (1/2)(𝑉
are identified. Then, the geometrical centerline point
corresponding to 𝑝̃𝑘+1 can be calculated as follows:
𝑝̂𝑘+1 = 𝑔̃𝑘+1 (

𝑠̂+ + 𝑠̂−
).
2

gray
𝑝̃𝑘+1
𝑝̂𝑘+1

(17)

̂ 𝑘+1 of
According to (13), the adjusted tracking direction u
𝑝̂𝑘+1 can be then updated as
𝑝̂ − 𝑝𝑘
̂ 𝑘+1 =  𝑘+1
u
𝑝̂𝑘+1 − 𝑝𝑘  .



(18)

Once the positions of the two edge points 𝑔̃𝑘+1 (̂𝑠+ ) and
̂𝑘+1 of the centerline
𝑔̃𝑘+1 (̂𝑠− ) are determined, the diameter 𝐷
point 𝑝̂𝑘+1 can be measured as
̂𝑘+1 = 𝑠̂+ − 𝑠̂−  .
𝐷



(19)

(b) Bifurcations Identification. As shown in Figure 4, 𝑝𝑘−1
and 𝑝𝑘 are two detected centerline points in the previous
tracking process. If 𝑝𝑘 is a bifurcation, then two ridge points
𝑝̃1𝑘+1 and 𝑝̃2𝑘+1 can be found on RE image at each branch of the

Figure 4: Bifurcation identification.

vessel due to the process of MVEF. According to the adaptive
tracking described in the previous section, we are able to get
1
2
two geometrical centerline points 𝑝𝑘+1
and 𝑝𝑘+1
. Thereafter,
the tracking process is proceeded in the two directions of
2
2
2
2
u1𝑘+1 = (𝑝𝑘+1
− 𝑝𝑘 )/‖𝑝𝑘+1
− 𝑝𝑘 ‖ and u2𝑘+1 = (𝑝𝑘+1
− 𝑝𝑘 )/‖𝑝𝑘+1
−
𝑝𝑘 ‖.
(c) Termination Criteria. The tracking procedure starts from
a randomly selected seed point and then iteratively extends to
the other seed points. Three termination rules are defined to
prevent the tracking path from going out of the image range,
or being repeatedly calculated.
(1) If the detected centerline point goes beyond the scope
of the image.
(2) If the detected centerline point goes beyond the scope
of the vessel.
(3) If the detected centerline point intersects an extracted
centerline.
Condition (1) is designed to guarantee that both abscissa
value and ordinate value of current calculating point are
within the border of the image while condition (2) is designed
to ensure that the gray value of current calculating pixel is
within the range of the vascular boundaries. Condition (3)
is devised to determine if current calculating pixel is being
detected or not.
A seed point tracking process is stopped immediately
if any of the above three conditions occurs, and a new
seed point tracking procedure will be launched. By setting
these three conditions, it can be guaranteed that the tracking
procedure will be carried out in the region of the blood vessels
without repetition.
(d) Vasculature Refinement. After all discrete incremental sections are obtained from the angiographic image, vasculature
refinement needs to be done to remove the false tracking
noise, such as hair-like noise and discrete small edges. All
the discrete centerlines are merged into several connected
centerline sets, and the short false tracking results are
removed by a predefined length threshold. Then, the vessel
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Figure 5: Error distribution. (a) Centerline error. (b) Diameter error.

structure with the largest connected components is reserved
as the tracking result. To avoid “jagged” tracking phenomenon, the cardinal spline interpolation [26] is used to
preserve the smoothness of the tracked paths.

3. Results and Discussion
To validate the performance of the proposed vascular extraction method, series of experiments are designed and tested
on both synthetic data and real clinical angiograms. And
the comparative evaluation of the results demonstrates the
efficiency of the proposed method over the several existing methods. Our tracking algorithm is implemented in
Microsoft Visual Studio 2010 on an Intel Core i7 PC (with
CPU 3.5 G and 16 G memory), and all the simulated angiographic images are with the resolution of 512 × 512.
3.1. Synthetic Data. In order to quantitatively evaluate the
performance of the proposed method, a series of angiograms
with defined vascular structures are designed and simulated.
The angiograms are simulated by projecting 3D synthetic
cylindrical segments onto the image plane according to the
perspective projection model [27] of the angiography system
as developed in [13, 28, 29]. In order to simplify the simulation
procedure, the background image is acquired prior to the
injection of contrasting substance, so there is no visible vessel
or catheter in the obtained image.
The projection intensity of vessel segment model adopted
for the simulation comes from [27], which can be defined as
follows:
𝑝 (𝑥) = 2𝜇√𝑟2 − 𝑥2 ,

|𝑥| ≤ 𝑟,

(20)

where 𝑥 is the distance between current point and tentative
centerline point, 𝑟 is the radius of vessel, 𝜇 is the linear
attenuation coefficient, and 𝑝(𝑥) is the intensity of the
projected point.

To test the proposed algorithm over noise interference,
25 angiograms containing a single vessel segment with
different additive Gaussian noise are generated. The proposed
algorithm then proceeds on the simulated image, and the
extracted centerline and diameter are compared with the
predefined vessel, and the error distributions over different
noise scale for the centerline and diameter estimation are
shown in Figures 5(a) and 5(b), respectively. From Figure 5
it can be seen that with the adding of noise power, the mean
error of the centerline and diameter estimations increase
gradually. Specifically, the mean error for centerline estimation ranges from 0.13 pixels to 0.33 pixels for noise power
between 1 and 20; while for the diameter, the estimated errors
range from 0.39 pixels to 0.62 pixels for noise power between
1 and 20. For noise power of 25, the image is considerably corrupted; however, the tracking centerline and diameter estimation errors are less than 0.4 and 0.9 pixels. It is obvious that
the proposed method is every effective and robust even under
terrible image qualities.
In order to simulate the vascular stenosis, the diameter
is adjusted by a designed exponentially decaying function as
formulated as follows [29]:
2

𝐷 (𝑙) = 𝐷0 exp (−𝑎𝑙) −

𝜋(𝑙 − 𝜇)
𝑐
)] ,
exp [− (
𝜎
(𝜎𝑐)2

(21)

𝑐 = 𝐷0 exp (−𝑎𝜇) ,
where 𝐷0 is an initial diameter and 𝑎 is taper coefficient. 𝜇
and 𝜎 are Gaussian function parameters. For this calculation,
at the stenosis part (𝑙 = 𝜇), 100% stenosis can be simulated by
setting 𝜎 = 1. Stenosis rate of vessel can computed as follows:
stenosis =

1
.
𝜎

(22)

According to (21) and (22), nine types of arterial segments
with stenosis are generated, as shown in Figure 6, and

Computational and Mathematical Methods in Medicine

7

(V1)

(V2)

(V3)

(V4)

(V5)

(V6)

(V7)

(V8)

(V9)

Figure 6: Nine types of synthetic arterial segments.

the performance of the proposed algorithm is compared with
the other two existing centerline tracking algorithms. To
simplify the following description, nine types of arterial
segments named V1 to V9 are designed as follows.
(1) V1: vessel with rough parallel boundaries; (2) V2:
vessel with the diameter decreased gradually; (3) V3: vessel
with curved boundaries, for which the centerline of the vessel
is computed by connecting two periods sine functions; (4)
V4: V1 with 50% stenosis; (5) V5: V2 with 50% stenosis; (6)
V6: V3 with 50% stenosis; (7) V7: vessels with bifurcations;
(8) V8: vessels with overlaps; (9) V9: vessels with bifurcation
and overlap.
The tracking results of the three algorithms are listed
in Table 1, which contains the maximum, minimum, mean,
and RMS (root mean square) of the estimated centerline

error. The mean errors are 0.34, 1.27, and 0.48 pixels for
the proposed algorithm, Aylward, and Boroujeni algorithms,
respectively. The proposed method represents 73.22% and
29.17% improvement over Aylward and Boroujeni algorithms.
For the most complex structure V9, the mean tracking
error for the proposed algorithm is 0.41 pixels, while it is
1.61 pixels and 0.87 pixels for Aylward and Boroujeni algorithms. The proposed method represents 74.53% and 39.87%
improvement over Aylward algorithm and Boroujeni algorithm. Obviously, the proposed algorithm provides a more
accurate scheme for coronary artery extraction and identification in X-ray angiograms.
The above experiments are repeatedly tested on 45 groups
of synthetic images, for which each type of the vessel structure
is randomly generated for five times. For these experiments,
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Figure 7: Experimental results of the proposed algorithm on a routine coronary angiogram. (a) The original image. (b) MVEF enhancement.
(c) Seed determination. (d) Tracking results of (c). (e) Vasculature refinement of (d). (f) Boundaries of coronary artery.

the average computational times are 3.66 s, 3.82 s, and 3.85 s
for Aylward, Boroujeni, and the proposed algorithms, respectively. It shows that all these three algorithms take roughly
the same computational time for the vessel extraction in
angiograms. The computation efficiency can be further
improved by integrating GPU based implementations in the
future.
3.2. Clinical Angiograms. In order to investigate the applicability and efficiency of the proposed algorithm, the proposed
method is also applied to 20 coronary angiograms which
were randomly selected from a database routinely acquired
from the Philips Digital Imaging System at the Beijing
Chaoyang Red-Cross Hospital during invasive catheterization procedures. Here, the experimental result of a random
angiogram (Figure 7(a)) is selected to illustrate each step
of the calculation. Figure 7(b) is the RE image obtained
through the ridge enhancement operation of Figure 7(a),
while Figure 7(c) shows the extracted seed points and initial tracking directions, where the red arrows represent
the forward directions, while the green arrows depict the
backward directions. Figure 7(d) shows the tracking results of
Figure 7(c), and Figure 7(e) gives the vasculature refinement
results of Figure 7(d). Figure 7(f) shows the boundaries of
the extracted vessels. It can be seen from the images that
through the process of MVEF, vessel is highlighted and the

background is suppressed in RE image, and it serves as
useful auxiliary information for the followed tracking steps.
Through the seed determination of the proposed algorithm,
it provides a set of seed points on the vascular centerline, and
their directions are roughly parallel to the path of the vessels.
From the figures, it can be seen that the proposed AGVT
algorithm can extract main structure of coronary artery.
Figure 8 shows four representative tracking results from these
20 angiograms, and we can see that the main structure of
the coronary arteries can also be extracted by the proposed
algorithm.
Figure 9(a) shows a section of curved vessel for which the
gray distribution is irregular. Figures 9(b), 9(c), and 9(d) show
the tracking results of Aylward, Boroujeni, and the proposed
algorithms, respectively. It can be seen that the tracking
result of Aylward algorithm is more likely to change with the
variation of gray level, which hence is more dependent on
the gray level distribution of the angiogram. For Boroujeni
algorithm, the detected centerline jitters significantly because
it tracks the ridgeline rather than the geometrical center of
the vascular structures. The proposed algorithm works better
than the other algorithms as it adaptively extracts the geometrical centerline of the coronary artery and is more robust in
processing irregular vascular segments.
Despite the advances of the proposed algorithm demonstrated in this paper, Figure 10 shows two challenging
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Figure 8: The other four examples of the tracked results for the proposed method.

(a)

(b)

(c)

(d)

Figure 9: Partial enlargement of the vasculature extraction results. (a) The original image. (b) Results of Aylward algorithm. (c) Results of
Boroujeni algorithm. (d) Results of the proposed algorithm.

angiograms from the set of 20 angiograms on which the
proposed algorithm is only partially successful. It can be seen
from Figure 10 that the proposed algorithm is failed for areas
with overflowing (a) or incomplete filling (b) of the contrast
agents in the angiograms. Up to know, segmentation of the
vessels in such an angiogram is still a very challenge task.

4. Conclusions
The major contribution of this proposed algorithm is
providing an automatic AGVT framework for coronary
artery extraction by putting forward three major key steps
named ridge enhancement, seed determination, and adaptive
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Figure 10: Two examples of challenging angiograms on which the proposed algorithms partially failed. The white arrows point to the partial
failure tracking areas.

tracking. The proposed algorithm makes three key advances.
First, considerable validated seed points and their tracking
directions are automatically detected from angiograms, and
it ensures the tracking affected without the interference
of human factors. Second, it tracks coronary artery from
angiograms without constructing templates, and, hence, the
calculation complexity is greatly reduced. Third, the extracted
ridge points are adaptively adjusted to the corresponding
geometrical center, and it has been shown to work well with
angiograms of low image quality. From the experiments on
synthetic data and real angiograms, it can be stated that the
proposed AGVT algorithm is more accurate and stable than
the current widely used algorithms.
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