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Abstract—Off-pump totally endoscopic coronary artery bypass
grafting is a milestone for cardiac surgery, and still a technical chal-
lenge. Indeed, the fast and complex cardiac motion makes this op-
erating method technically demanding. Therefore, several robotic
systems have been designed to assist the surgeons by compensating
for the cardiac motion and providing a virtually motionless oper-
ating area. In the proposed systems, the servoing schemes often
take advantage of a prediction algorithm that supplies the con-
troller with some future heart motion. This prediction enlarges the
control-loop bandwidth, thus allowing a better motion compen-
sation. Obviously, improving the prediction accuracy will lead to
better motion-compensation results. Thus, a current challenge in
computer-assisted cardiac surgery research is the design of effi-
cient heart-motion-prediction algorithms. In this paper, a detailed
survey of the main existing prediction approaches is given and a
classification is provided. Then, a novel prediction technique based
on amplitude modulation is proposed, and compared with other
techniques using in vivo collected datasets. A final discussion sum-
marizes the main features of all the proposed approaches.

Index Terms—Beating heart surgery, heart motion modeling,
prediction algorithm.

I. INTRODUCTION

CONVENTIONAL coronary artery bypass grafting
(CABG) with cardiopulmonary bypass allows the sur-

geons to operate on a motionless heart. However, the use of
a heart–lung machine is proven to cause deleterious effects on
the neurological, renal, and respiratory functions [1], [2]. In or-
der to avoid such postoperative complications, off-pump CABG
has been proposed [3]: the procedure consists of operating on a
beating heart. However, the complex motion of the heart makes
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off-pump CABG technically challenging, especially in a totally
endoscopic surgery context. For example, the left anterior de-
scending coronary artery can exhibit an excursion of 12.5 mm,
whereas its diameter is about 1 mm [4]. Mechanical stabilizers
are therefore designed to overcome this difficulty by locally re-
ducing the myocardium excursion. The residual motion using
current stabilizers is, however, far beyond the necessary stabi-
lization accuracy that can be evaluated to 0.1 mm with respect
to the 1–2 mm diameter of the coronary arteries and the 70 µm
diameter of the stitching thread. The insufficient performance of
the cardiac stabilizers is pointed out in the literature. The resid-
ual cardiac motion is evaluated in [4] and [5] through experi-
ments on pigs, using commercially available passive stabilizers.
In the first experiment, the residual anterior–posterior excursion
for three pigs ranges between 0.5 and 2.6 mm using a passive
Medtronic Octopus device. In the second experiment, the re-
ported systolic to diastolic motion amplitude is about 1.5, 2.1,
and 1.5 mm using, respectively, a CTS Axius Guidant Stabilizer
System, a Genzyme Immobilizer, and a Medtronic Octopus.
Loisance et al. [6] present the results of robot-assisted totally
endoscopic CABG experiments on human beings. One of the
reported difficulties encountered by the surgeons is the signif-
icant residual motion of the passive Medtronic EndoOctopus
stabilizer during the tests. Kappert et al. [7] conclude that fur-
ther improvement of endoscopic stabilization may improve the
results they obtained during robotic-enhanced CABG.

Even with the use of a stabilizer, the frequency spectrum of
the cardiac motion contains high frequencies corresponding to
the harmonics of the fundamental cardiac frequency [8]. The av-
erage heart rate is about 70 beats/min, i.e., 1.16 beats/s, whereas
the human tracking bandwidth is about 1 Hz [9]. The cardiac
motion thus contains frequencies at the limit of and beyond the
tracking abilities of surgeons.

Many contributions have been proposed in order to over-
come the difficulty arising from the significant cardiac motion,
sometimes even without making use of mechanical stabiliza-
tion. Pioneering work was reported in [10]. The idea is to attach
the surgeon’s hands to a moving platform that tracks the heart
motion, so that the surgical area is motionless with respect to
the surgical instruments held by the surgeon. In addition, a
vision system mounted on the same platform provides the sur-
geons with a virtually stable image of the heart. This principle
is extended in [11]–[13]. In these works, a telesurgical scheme
is proposed. A slave robot tracks the myocardium using high-
speed visual servoing in [11] and [12], and sonomicrometry
in [13]. The references given by the surgeon through the master
console are superimposed to the motion-compensation subtask.
A virtual stable image could also be supplied to the surgeon, as
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Fig. 1. Experimental setups. (a) Experimental setup for the measurement of free heart motion. (b) Experimental setup for the measurement of stabilized heart
surface motion: a custom stabilizer is applied on the heart, motion is measured using high-speed vision.

in [11]. Two original approaches are proposed in [14] and [15] to
overcome the problem arising from the residual motion. While,
in [14], the authors have designed a miniature mobile robot that
moves on the heart surface, a robotized active cardiac stabilizer
which cancels the residual excursion in real time is proposed in
[15].

The accuracy of any residual motion compensation scheme
could be improved if the future motion is known in advance.
This is why almost all the proposed approaches could take ad-
vantage of a cardiac motion prediction algorithm. This has al-
ready been investigated in [12] and [13], where model predictive
control is used to enhance the myocardium tracking accuracy.
Two different ways of anticipating the future heart motion are
considered. The heart motion is modeled in the frequency do-
main in [12] by a Fourier decomposition, the obtained model
allowing the prediction of future samples. A temporal model-
ing of the heart motion based on the ECG signal is presented
in [13].

Some other prediction algorithms have been proposed in the
literature. The main difference between all the approaches lies
in the modeling of the cardiac motion. A frequency model sim-
ilar to the one proposed in [12] is given in [8]. The estimation
of the model parameters is achieved by using a derivation of
the Fourier linear combiner (FLC) algorithm. A model-free pre-
diction scheme of the heart motion is given in [16]. A linear
parameter varying model of the heart motion is assessed in [17].
This model allows us to take into account the coupling between
the respiratory and heartbeat components of the cardiac motion:
the shape of the heartbeat component is modulated by the res-
piratory one. More recently, a prediction method based on an
autoregressive (AR) model has been developed in [18]. A new
method based on amplitude modulation is also briefly described
in [19], and extended in this paper.

In this paper, a classification and a detailed review of the
different techniques for heart motion prediction is proposed.
Beyond this survey, we particularly outline a novel prediction
algorithm based on amplitude modulation (AM), motivated by
experimental observations. In vivo data, collected during experi-
ments on pigs, are used to compare the most relevant approaches
and discuss their accuracy.

The remainder of the paper is organized as follows. First, the
properties of the heart motion already studied in the literature
are recalled in Section II. Then, a review of the existing meth-
ods is given in Section III. In Section IV, the novel amplitude
modulation method is described. The prediction accuracy of the

different techniques is then evaluated in Section V using in vivo
collected data. Finally, a discussion on the results and the main
properties of the prediction algorithms is given in Section VI.

II. HEART MOTION PROPERTIES

In this section, the main properties of the heart motion, al-
ready studied in [11], [16], and [20] are briefly recalled by
analyzing in vivo data collected on pigs. These data will later be
used for evaluation purposes. The experimental setups used for
acquisition are first described.

A. In Vivo Data Collection

In vivo data are acquired during experiments on two pigs that
underwent a sternotomy after receiving a general anesthesia.
The pigs are under artificial ventilation.

In the first experiment [17], the heart motion is measured
due to the tracking of four LEDs in the image of a 500-Hz
Dalsa CAD6 high-speed camera equipped with a 50-mm lens.
The LEDs are located on the suction fingers of an Octopus
v4.3 stabilizer from Medtronic [see Fig. 1(a)]. The Octopus
arm is unlocked so that the free motion of the myocardium
is acquired. The 3-D displacement is derived from the image
measurements with a modified Dementhon algorithm [21]. The
measurement uncertainties of this localization system are equal
to 2.6, 2.1, and 167.1 µm, respectively, along the x-, y-, and
z-axes. These axes correspond approximately to the inferior–
superior (IS) direction, the left–right (LR) direction, and the
anterior–posterior (AP) direction.

The second dataset is acquired during another experiment
under similar conditions. A custom rigid stabilizer, held by a
medical robot with a high mechanical stiffness, is used to lo-
cally reduce the heart motion [15]. This stabilizer is composed
of a 10-mm-diameter stainless steel beam and a distal device
to have an easy access to the thoracic cavity [see Fig. 1(b)]. In
Fig. 1(b), the x-, y-, and z-axes, respectively, represent the IS,
LR, and AP directions. The LR direction corresponds to the sta-
bilizer beam axis; therefore, the displacement in this direction is
negligible and the heart displacement is constrained in the plane
defined by the AP and IS directions. The residual displacement
is measured using the position of one visual marker in the image
of a 333-Hz Dalsa CAD6 high-speed camera. A Navitar Precise
Eye zoom lens is used to get a resolution of 128 pixels/mm.
In this experiment, the camera is positioned so that the image
plane is parallel to the visual marker displacement plane. No 3-D
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Fig. 2. Motion in the IS direction for the first dataset: temporal evolution and
spectral analysis.

reconstruction is then required. The distal device is equipped
with two suction fingers (Fig. 1) and encloses an ATI Nano17
force sensor. The measurement uncertainties related to this sys-
tem are equal to 0.8 and 1.9 µm, respectively, along the x- and
z-axes.

In both experiments, ECG and ventilation signals are ac-
quired synchronously with motion. The ventilation is acquired
through two unidirectional Honeywell Awm700 airflow sensors.
The ECG signal is acquired using a three-lead ECG cable and
a Schiller Cardiovit AT-6 electrocardiograph. All the data ac-
quisitions are synchronized with the camera frame rate due to a
dedicated software running under a real-time operating system.

B. Data Analysis

For the sake of clarity, only two displacement curves are
represented in Figs. 2 and 3. These two figures show temporal
plots and spectral analyses of, respectively, the free heart motion
in the IS direction collected during the first experiment and
the stabilized heart motion in the AP direction obtained with
the second dataset. The two temporal plots correspond to two
respiratory periods. The other measurements present the same
characteristic features.

It has already been reported in [8], [12], [13], and [20] that
the cardiac motion is composed of two periodic components.
The slow component is due to the ventilation and the faster
one corresponds to the heartbeats. The sharp transients of the
heart motion correspond to the high-frequency harmonics of

Fig. 3. Motion in the AP direction for the second dataset: temporal evolution
and spectral analysis.

the heartbeat. In the remaining part of the paper, the heartbeat
part of the motion will be called “heartbeat component” and de-
noted byMc . The ventilation part will be called the “respiratory
component” and denoted by Mr .

The heartbeat and ventilation frequencies can be obtained
online using ECG and airflow measurements. For the first
dataset corresponding to a free heart motion, the average heart-
beat and ventilation frequencies are, respectively, fc = 1.23 Hz
and fr = 0.24 Hz. For the second dataset corresponding to a
stabilized heart motion, the two frequencies are, respectively,
fc = 1.44 Hz and fr = 0.26 Hz.

III. LITERATURE REVIEW

The motion prediction problem consists of estimating the fu-
ture heart motion based on past observations. In the literature,
two families of prediction algorithms can be found: model-
free (MF) and model-based approaches. The model-based ap-
proaches are dominant among the proposed prediction algo-
rithms.

Hereafter, the most relevant MF prediction method [16] is
first presented. Then the model-based approaches are studied in
detail. In this paper, we consider that the prediction is used for
robot control purposes. Only real-time compatible algorithms
are therefore described. Modeling methods deriving the global
macroscopic behavior of the heart from a microscopic modeling
of the cardiac activity, as the ones presented in [22] and [23],
are not under the scope of this study.
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A. Model-Free Approach

The presented MF approach is developed and described in
[16]. Neither a priori knowledge nor an explicit model of the
heart motion are assumed to be known. The underlying theory of
this method is based on the Takens theorem [24]. This theorem
demonstrates that under certain conditions, the reconstruction
of system dynamics is possible by using an embedding vector
made of output measurements.

An embedding vector Mk computed at sample k is a suffi-
ciently long vector made of p past measurements of the heart
motionM, sampled with a fixed period of h time samples (h and
p have to be chosen appropriately). This vector can be written
as

Mk =
!
M(k)M(k " h) · · ·M

"
k " (p " 1)h

#$T
. (1)

Computing the prediction of the heart motion at sample k + n
consists of finding a previous embedding vector Mk # similar to
Mk . Then, the expected motion can be written as

M̂(k + n) = M(k# + n). (2)

A number P of previous embedding vectors similar to the cur-
rent one are taken into account to compute the expectation
in [16]. This allows to improve the robustness with respect to
the measurement noise.

Once P embedding vectors Mk"fj (j = 1, . . . , P ) presenting
the best match with Mk are selected in a storage memory, the
expected motion is defined as follows:

M̂(k + n) =
1

%P
j=1(1/!j )

P&

i=1

1
!i
M(k " fi + n) (3)

where fi denotes the position of the embedding vectors among
the P selected ones and

!i = $Mk " Mk"fi $2 . (4)

The algorithm can be used to predict the motion of a single land-
mark or generalized to process several landmarks [16]. Indeed,
using several landmarks is reported to improve the robustness
and reinforces the validity of the prediction if one landmark is
occluded for a short time.

Another extension that improves the quality of the prediction
is to take into account the correlation between the heart motion
and the physiological signals, i.e., ventilation pressure and ECG.
These two signals are included in the prediction scheme as
additional landmarks.

B. Model-Based Approaches

Model-based approaches are usually based on a parametric
model that mimics the heart motion. The model parameters
are estimated recursively online using current and past motion
observations. The updated model is then used to predict the
motion some given steps ahead.

The issues with prediction algorithms design are twofold.
First of all, an appropriate mathematical model of the heart
motion has to be selected. It must be realistic enough to take into
account the main characteristics of the heart motion, and it must

remain compatible with a real-time use. Then, online estimation
of the mathematical model parameters must be achieved using
heart motion data. Attention must be paid to the estimation
algorithm convergence rate, its robustness with respect to the
measurement noise, and its response time when the parameters
vary.

In this paper, only the first aspect, i.e., the modeling issue,
is highlighted and discussed. The parameter-estimation meth-
ods are also described, but without extended discussion on the
adaptive filtering theory.

In the literature, the proposed heart motion models differ by
the way they use the repetitive nature of the heart motion. For
some models, this property is explicitly taken into account by the
model equations. In other cases, the model only considers that
the current heart motion is correlated with past observations, but
no explicit repetitiveness appears in the mathematical modeling.
The first kind of models will be called “prior-knowledge”-based
models. The second kind will be called “no prior knowledge.”

1) “No Prior-Knowledge”-Based Models: In the literature,
we found only one nonphenomenological modeling of the heart
motion. This method, developed in [18] in order to predict the
heartbeat component, is based on an AR model. In this paper,
the respiratory component is neither modeled nor predicted.
Indeed, the controller implemented by the authors filters this
low-frequency component by means of a feedback loop. The
heartbeat component Mc(k) at sample k is considered to be a
weighted sum of the p past observations and a white noise N

Mc(k) =
p&

i=1

wiMc(k " i) + N (k) (5)

where wi is the weight associated with the ith past observation.
This equation can be expressed in a matrix form as follows:

Xk = WXk"1 + Nk

Mc(k) = CXk (6)

with

Xk = [Mc(k) Mc(k " 1) . . . Mc(k " (p " 1))]T

Xk"1 = [Mc(k " 1) Mc(k " 2) . . . Mc(k " p)]T

Nk = [N (k) N (k " 1) . . .N (k " (p " 1))]T

C = [1 0 . . . 0' () *
p"1

]T (7)

and

W =

+

,,,,-

w1 w2 . . . wp"1 wp

1 0 . . . 0 0
0 1 0 0
...

. . . 0
0 0 . . . 1 0

.

////0
. (8)

The weights wi, i % [1, p], represent the parameters of the heart-
beat component model that have to be estimated to solve the
following problem:

Mc(k) = [w1 w2 · · · wp ]Xk"1 . (9)
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The estimation is obtained using a recursive least square (RLS),
as described in Appendix A.

Using this AR model, the prediction of the heartbeat mo-
tion n samples ahead, denoted by M̂c(k + n), is given by the
expectation of the state equation (6) at sample k + n:

M̂c(k + n) = CWn Xk . (10)

Equation (10) assumes that successive samples of the heart
motion are linearly dependent. Indeed, the same vector of pa-
rameters is used for all the predictions along the prediction hori-
zon. This assumption is partially relaxed by Franke et al. [25].
In this paper, the prediction equation is written as

1

223

M̂c(k + 1)
M̂c(k + 2)

...
M̂c(k + n)

4

556 =

1

223

V1
V2

...
Vn

4

556

1

223

Mc(k)
Mc(k " 1)

...
Mc(k " p + 1)

4

556 . (11)

Using this formulation, each sample i in the prediction hori-
zon can be predicted independently using a different weighting
vector Vi of dimensions 1 & p. In order to estimate the vectors
Vi used for the prediction, (11) is delayed by n samples as
follows:

1

223

Mc(k + 1 " n)
Mc(k + 2 " n)

...
Mc(k)

4

556 =

1

223

V1
V2

...
Vn

4

556

1

223

Mc(k " n)
Mc(k " n " 1)

...
Mc(k " p " n + 1)

4

556 .

(12)

Since all the motion components are known, an RLS algo-
rithm can be used to estimate the different vectors Vi , i % [1, n].

The authors mentioned that the filter order p is a function of
the number of harmonics of the estimated signal. Indeed, they
propose to model each harmonic considered in the signal by a
second-order filter. Thus, the filter order could be chosen equal
to twice the number of significant harmonics of the heartbeat
component. Due to this tuning clue, the method could be con-
sidered as a “prior knowledge” method. But as we will see later,
this tuning rule may not be always valid in practice when deal-
ing with a noisy data. We therefore classify this method as a “no
prior knowledge” one.

2) “Prior-Knowledge”-Based Models: Within this cate-
gory, models take advantage of the a priori knowledge on the
frequency content of the cardiac motion. As mentioned in Sec-
tion II, the heart motion is composed of two periodic compo-
nents: Mr and Mc . Mr is due to the respiration while Mc is
due to the heartbeats. The whole motion is written as

M(k) = Mc(k) + Mr (k). (13)

Differences between the “prior-knowledge”-based models lie
in the modeling of the two components. Some authors adopt
a frequency-domain modeling, using a Fourier representation,
while others use temporal models.

a) Frequency domain models: Two frequency-domain
prediction algorithms are proposed in [8] and [12]. In both cases,
the model is based on the periodicity property of Mc and Mr .
Let fc and fr be the frequencies of the heartbeat and ventilation

signals, respectively. The variables "c and "r are the associated
phases. Denoting by Ts the sampling period, these phases are
updated at each sample k as follows:

7
"c(k) = "c(k " 1) + 2#fcTs

"r (k) = "r (k " 1) + 2#frTs.
(14)

Because of their periodicity, the respiratory and heartbeat com-
ponents can be modeled by truncated Fourier series

M̂r (k) =
nr&

i=1

8
ari sin

"
i"r (k)

#
+ bri cos

"
i"r (k)

#9
(15)

and

M̂c(k) =
nc&

i=1

8
cci sin

"
i"c(k)

#
+ dci cos

"
i"c(k)

#9
(16)

where nr and nc are, respectively, the number of relevant respi-
ratory and heartbeat harmonics, and ari , bri , cci , and dci are the
Fourier coefficients.

The FLC algorithm is used in [8] to estimate the Fourier
coefficients of the two motion components. If the frequency f
of a periodic signal S is known, the FLC algorithm allows the
estimation of its Fourier coefficients. The signal can be written
as follows if only the first n harmonics are taken into account:

Ŝ(k) =
n&

i=1

8
ai sin

"
i"(k)

#
+ bi cos

"
i"(k)

#9
(17)

where "(k) is the signal phase.
Let us denote the Fourier coefficients vector W as

W =
:

ai

bi

;

i=1,...,n

and

!(k) =
:

sin
"
i"(k)

#

cos
"
i"(k)

#
;

i=1,...,n

.

At each sample k, the vector W is updated using the following
equations [26]:

$(k) = S(k) " !T (k)W(k)

W(k + 1) = W(k) + 2µ1!(k)$(k) (18)

where µ1 is an adaptation gain.
The FLC algorithm given before can be modified in order

to estimate the frequency f also. The modified algorithm is
called weighted frequency FLC (WFLC). The frequency can be
estimated using the following equation:

f(k + 1) = f(k) + 2µ0$(k)
n&

i=1

i(ai sin
"
i"(k)

#

"bi cos
"
i"(k)

#
) (19)

where µ0 is an adaptation gain.
In the FLC algorithm, the adaptation gain µ1 can also be

modified online, using the squared estimation error

µ1(k + 1) = %µ1(k) + &$2(k) (20)
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with 0 < % < 1 and & > 0. This modified FLC algorithm is
called adaptive FLC (AFLC).

Both the WFLC and the AFLC are used in [8] to estimate
the Fourier coefficients of the heart motion. First, the acquired
motion is used as the input of an AFLC algorithm centered
on the breathing frequency. This allows the estimation of the
Fourier coefficients of the respiration motion model. The error
resulting from the earlier estimation is then used in a second
step as the input of a WFLC, in order to estimate the parameters
of the heartbeat component. The combination of the AFLC and
the WFLC is called tiered Fourier linear combiner (TFLC).

Using Wc(k) and Wr (k), the estimated parameter vectors
of, respectively, the heartbeat and respiratory components, the
expected heart motion at sample k + n can be written as

M̂(k + n) = !T
c (k + n)Wc(k) + !T

r (k + n)Wr (k) (21)

where

!c(k) =
:

sin
"
i"c(k)

#

cos
"
i"c(k)

#
;

i=1,...,nc

and

!r (k) =
:

sin
"
i"r (k)

#

cos
"
i"r (k)

#
;

i=1,...,nr

.

The same heart motion model is considered in [12]. However,
a different estimation and prediction technique is used. Indeed,
an adaptive filter first estimates the heartbeat component from
the measured motion. All the nc harmonic coefficients are es-
timated separately. Denoting by M̂ci the estimation of the ith
heartbeat harmonic, using (16), we can write

M̂ci(k) = cci sin
"
i"c(k)

#
+ dci cos

"
i"c(k)

#
. (22)

Coefficients cci and dci are updated using the following law [27]:

cci(k + 1) = cci(k) " gTs sin
"
i"c(k)

#
M̂r (k)

dci(k + 1) = dci(k) " gTs cos
"
i"c(k)

#
M̂r (k) (23)

with g = 2#fc/(10Ts).
The respiratory component estimation M̂r (k) is obtained by

subtracting the estimated heartbeat component, which is the sum
of all the harmonics, from the whole measured excursion

M̂r (k) = M(k) " M̂c(k). (24)

The prediction is then based on the periodicity of the two com-
ponents and expressed in the time domain. The expected motion
at sample k + n is written as

M̂(k + n) = Mc(k " Tc + n) + Mr (k " Tr + n) (25)

where Tc and Tr are, respectively, the floors of 1/(Tsfc) and
1/(Tsfr ).

A similar method in the context of the mitral valve repair
surgery has been recently proposed in [28]. This method is
based on a Fourier decomposition of the heart motion. The
Fourier coefficients are estimated using an extended Kalman
filter.

The approaches proposed in [8] and [12] use the same heart
model. However, two different estimation methods are consid-
ered. Since the goal of this paper is to compare the heart models

rather than the estimation algorithms, the two proposed ap-
proaches are considered identical from a modeling point of view
and designated as the FLC approach.

b) Temporal models: Only the heartbeat component is
predicted in [13] as in [18]. The respiratory component is sup-
posed to be canceled by a low-bandwidth tracking system. In
this method, called the “last cycle” method, the heartbeat motion
is considered periodic

Mc(k) = Mc(k " Tc). (26)

Therefore, the expected motion at sample k + n can simply be
written as

M̂c(k + n) = Mc(k " Tc + n). (27)

However, the authors notice that the heart motion is only quasi-
periodic, i.e., small variations are observed from one heartbeat
period to another. Let $(k) be the difference between the cur-
rent heartbeat motion measurement and the corresponding value
during the past heartbeat cycle. It can be written as

$(k) = Mc(k) "Mc(k " Tc). (28)

A method is proposed to decrease this difference gradually over
the prediction horizon N by using a weighting function f(n).
The chosen function is a polynomial given by

f(n) = 1 "
8 n

N

9p
(29)

where p is the order of the correction function.
Based on (27) and the correction function f , the proposed

new prediction equation for sample k + n can be written as [18]

M̂c(k + n) = Mc(k " Tc + n) + f(n)$(k). (30)

Such a prediction law can decrease the impact of heart motion
variability from one period to another. However, it does not take
into account the variation of the heart period itself. In order to
overcome this weakness, the authors propose to use the ECG
signal in order to update the heart period at each detection of the
QRS complex (a combination of three electric waves, denoting
the beginning of the cardiac cycle), rather than using a constant
period.

A temporal modeling of the heart motion is also adopted
in [17]. The method is called linear parameter varying (LPV)
method. First, a separation of respiratory and heartbeat com-
ponents is achieved using a gating technique. Indeed, the QRS
complexes of the ECG signal are used as a clock to sample the
heart motion. The heart is almost at rest during the second half
of the heartbeat cycle. If the heart motion is sampled using the
QRS clock delayed by half a cardiac period, then only the res-
piratory motion is observed, and the obtained samples represent
the respiratory motion for different respiratory volumes. These
samples are interpolated by a smoothing cubic spline function
F . Therefore, the respiratory motion can be reconstructed at
each sample

M̂r (k) = F(k " kresp) (31)

where kresp is the sample number representing the beginning of
the current respiratory cycle.



BACHTA et al.: MOTION PREDICTION FOR COMPUTER-ASSISTED BEATING HEART SURGERY 2557

Then, this motion is subtracted from the whole motion to
obtain the heartbeat component

M̂c(k) = M(k) " M̂r (k). (32)

The heartbeat component is modeled by a finite-impulse re-
sponse (FIR) to the QRS complex considered as an impulse.
The heartbeat motion at sample k can, therefore, be written as a
convolution product

M̂c(k) = l(k) ! QRS(k) (33)

where l(i), i = 1, . . . , Tc , are the coefficients of the FIR filter.
The authors assess that the heartbeat component is quasi-

periodic and modulated by the ventilation. Therefore, the coef-
ficients of the filter representing Mc are considered varying and
linearly dependent on the lung volume V(k)

l(k) = l0(k) + l1(k)V(k). (34)

The filter coefficients l0 and l1 are identified online using an
RLS algorithm.

The future heart motion is predicted using this model and the
periodicity of the lung volume, due to the artificial ventilation.
The expected motion at sample k + n can be written as

M̂(k + n) = M̂r (k + n) + M̂c(k + n)

= F(k " kresp + n) + l0(k " kQRS + n)

+ l1(k " kQRS + n)V(k " Tr + n) (35)

where kQRS is the the sample number representing the last QRS
occurrence.

IV. AMPLITUDE MODULATION METHOD

The authors in [17] assess the coupling between the two com-
ponents of the heart motion. Indeed, the heartbeat component is
proved to be dependent on the respiratory phase, and this cou-
pling is modeled in the temporal domain. Hereafter, we propose
an alternate method to take into account in a simpler way this
coupling, while remaining in a Fourier coefficient estimation
framework. The proposed method is mainly based on experi-
mental observations that are first detailed.

If we zoom-in on the two spectral analysis given in Section II,
we obtain plots comparable to Fig. 4. We can observe peaks that
are similar to those obtained when representing the spectral
content of an amplitude modulation using two periodic signals
of frequencies fc and fr . In our case, the carrier frequency
corresponds to the heartbeat frequency, and the modulating sig-
nal has the same frequency as the respiratory component. Simi-
lar observations can be made from [29, Fig. 5.24] and [18, Fig.
2]. We note that the number of modulating harmonics is lower
than the number of harmonics in the respiratory component.
The amplitude of these harmonics is also different from the res-
piratory ones. Moreover, only the first low-frequency heartbeat
harmonics are modulated.

We proposed in [19] to express the cardiac motion as the sum
of a respiratory component Mr and a heartbeat component Mc

expressed as an AM

M(k) = Mr (k) + Cc(k)(1 + Cr (k)) (36)

Fig. 4. Zoom on the spectral analysis of cardiac motion for the two datasets.
(Top) Free heart motion (first dataset). (Bottom) Stabilized heart motion (second
dataset).

where

Mr (k) =
nr&

i=1

8
ari sin

"
i"r (k)

#
+ bri cos

"
i"r (k)

#9
(37)

and Cc is the carrier signal representing the heartbeat fundamen-
tal frequency and its harmonics. Its Fourier decomposition can
be written as follows:

Cc(k) =
nc&

i=1

8
eci sin

"
i"c(k)

#
+ fci cos

"
i"c(k)

#9
(38)

where nc is the number of heartbeat harmonics, eci and fci

are the Fourier coefficients, and Cr (k) is the modulating signal,
which is expressed as

Cr (k) =
nr&

i=1

8
gri sin

"
i"r (k)

#
+ hri cos

"
i"r (k)

#9
(39)

with nr being the number of respiratory harmonics, and gri and
hri the Fourier coefficients.

Experimentally, the number of modulating harmonics is lower
than the number of respiratory harmonics, and only the first
harmonics of the heartbeat are modulated. Therefore, we rewrite
Cr (k) as

Cr (k) =
nr 1&

i=1

8
gri sin

"
i"r (k)

#
+ hri cos

"
i"r (k)

#9
(40)

where nr1 ' nr is the number of modulating harmonics.
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Moreover, (36) is rewritten as follows:

M(k) = Mr (k) + Cc(k) + Cc1(k)Cr (k)' () *
Mc (k)

(41)

where Cc contains all the significant heartbeat harmonics
whereas Cc1 contains only the first low-frequency harmonics
(a truncated part of Cc ). The number of harmonics of Cc1 is
denoted by nc1 .

Hence, the heartbeat component can be expanded as follows:

Mc =
nc&

i=1

8
eci sin

"
i"c(k)

#
+ fci cos

"
i"c(k)

#9

+
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1
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9
. (42)

In order to keep a linear model, all the products of terms
eci , fci , gri , and hri are replaced with new terms. Using this
reparametrization and (13), we can write

M(k) = !T (k)W(k) (43)

where
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(44)

Using (43), the parameter vector is updated at each sample by
an RLS algorithm with a forgetting factor. Prediction at sample
k + n can be written as

M̂(k + n) = !T (k + n)W(k). (45)

V. PREDICTION RESULTS COMPARISON

In this section, the most relevant approaches are compared
using the two datasets presented in Section II. These datasets
correspond to a free and constrained heart motion, which allow
us to consider two robotic motion compensation schemes, i.e.,
compensating for the whole heart motion or for the residual
excursion when a cardiac stabilizer is used.

The prediction of the three motion directions is achieved si-
multaneously in [18]. We consider that such a coupling globally
improves the results of all the proposed methods. In this section,
we chose to assess the influence of heart motion modeling meth-
ods on the prediction accuracy by putting the focus on the heart
motion properties. Motion in each direction is thus predicted
independently from the other directions.

The “last cycle” method (Section III-B2b) is included neither
in the comparison nor in Section VI. Indeed, the authors of this
method also proposed the method based on an AR model (Sec-
tion III-B1), and concluded that the AR-based approach gives
better results than the “last cycle” method. Thus, the following
methods are compared: the FLC method (Section III-B2a), the
AR-based method (Section III-B1), the LPV method (Section
III-B2b), the MF approach (Section III-A), and the AM method
(Section IV). For a fair comparison, all the parameter estima-
tions are achieved, when needed, using an RLS with a forgetting
factor [30] (see Appendix A).

For the FLC and AM methods, all the coefficients are esti-
mated in a single step. The two-stage method proposed in [8]
gives similar results. For the AR approach [25], the respira-
tory component is retrieved after being estimated by an FLC
algorithm. The resulting error, corresponding to the heartbeat
component, is the input of the AR method.

A. Tuning Guidelines

Hereafter, some guidelines on the tuning of the parameters
for the compared methods are given.

1) MF: The storage memory should be approximately equal
to ten respiratory periods according to [16]. Increasing the num-
ber of embedding vectors P not only makes the algorithm more
robust with respect to measurement noise, but also increases the
computational cost. The variables p and h should be chosen so
that an embedding vector takes into account at least one respira-
tory period. Increasing h yields a higher accuracy, but increases
the computational cost.

2) FLC and AM: The variables nc , nr , nc1 , and nr1 should
be set according to the signal properties. A spectral analysis can
give the number of significant harmonics to take into account.
The parameters are updated using an RLS algorithm with a
forgetting factor. The forgetting factor ! should be chosen to
have a memory horizon of at least one respiratory period: since
the memory horizon is equal to 1/(1 " !) (expressed in number
of samples) [31], ! should tend toward 1 when the sampling
rate increases. When the measured motion is noisy, the memory
horizon should be increased.

3) AR: Choosing the AR order equal to twice the number
of significant harmonics in the heartbeat motion is no longer
applicable when the sampling period is small and the signal
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TABLE I
NUMERICAL VALUES OF PREDICTION PARAMETERS FOR TWO EVALUATED

DATASETS

TABLE II
ONE-HEARTBEAT-PERIOD AHEAD PREDICTION ERRORS

is noisy. The reader looking for some theoretical background
on AR filters can refer to [32]. In this paper, the filter order
was chosen by trial and error. The forgetting factor in the RLS
algorithm used to identify the filter coefficients should be chosen
such that the memory horizon is at least equal to one respiratory
period.

4) LPV: Almost all the parameters are constrained in this
method. The number of parameters defining the FIR filter is
twice the number of samples of a heartbeat period, and the num-
ber of parameters defining the spline depends on the number of
available points used in the interpolation. The only two parame-
ters to tune are the smoothing factor for the spline identification
and the forgetting factor used for the estimation of the FIR filter
coefficients. For the choice of the smoothing factor s, the user
should keep in mind that a good tradeoff between smoothing
and fitting to the data is s = 1/(1 + h3/6) [33], where h is the
spacing between two samples. Increasing the factor improves
the fitting, and decreasing the factor improves the smoothing.
The forgetting factor should be chosen such that the memory
horizon is about one respiratory period.

B. Results Comparison

Prediction is achieved one heartbeat period ahead with the
different approaches using the two datasets. The parameters
used for each approach on the two datasets are summarized
in Table I. The values are selected using the provided tuning
guidelines. Prediction results are then satisfactory, but, for the
sake of a fair comparison, additional trial and errors are used to
optimize the performances of each algorithm.

The root mean square (RMS) of the prediction errors are sum-
marized in Table II. The errors are computed on a time interval

Fig. 5. First datasetone heartbeat period ahead prediction of the motion com-
ponents.

of five respiratory cycles for both datasets, after prediction on
ten respiratory cycles.

Figs. 5 and 6 show the prediction plots during approximately
one respiratory period for the first dataset. Figs. 7 and 8 show the
prediction plots for the second dataset during approximately one
respiratory period. For each dataset, a separate figure is given
for the AR method because the proposed algorithm handles only
the heartbeat component.

VI. DISCUSSION

The discussion is centered on two points. First of all, the
prediction accuracy and the tuning simplicity of the proposed
approaches are discussed from a user point of view. Then, the
ability of the different approaches to handle the two main charac-
teristics of the heart motion, i.e., the variability of the heartbeat
frequency and the coupling between the motion components, is
addressed. All the presented methods are real-time-compatible,
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Fig. 6. First datasetone heartbeat period ahead prediction of the cardiac motion
for the AR method: only the heartbeat component is reported.

so the calculation time issue is not addressed in this section.
Table III summarizes the main aspects of the discussion.

A. User Point of View

1) Prediction Accuracy: Even though FLC and AM methods
use the same Fourier series framework, we can note that the AM
approach improves the results obtained using the FLC algorithm.
We also remark that the MF and AM approaches give the best
results for the two datasets. The LPV method is efficient only on
the first dataset. This is due to a bad extraction of the respiratory
component. Indeed, the extraction of the respiratory component
has a better signal to noise ratio (SNR) in the first dataset,
corresponding to a free cardiac motion, than in the second where
the heart is constrained. The LPV method, designed for the
prediction of free heart motion, seems to be not suited for a
stabilization context.

Fig. 7. Second datasetone heartbeat period ahead prediction of the motion
components.

2) Tuning Simplicity: The simplest methods with respect to
parameters tuning are the frequency-domain-based ones, i.e.,
the FLC and AM methods. Indeed, a simple spectral analysis
allows the choice of the number of significant harmonics. More-
over, the number of parameters is not affected by the sampling
period. For such methods, one could expect a fully automated
estimation of these parameters, so that the prediction can be
performed in a few seconds without manual tuning. The LPV
method is also easy to tune. Indeed, once the spline model of
the respiratory component is identified, the number of parame-
ters to model the heartbeat component equals twice the number
of samples of a heartbeat period. For the AR method, a clue
has been given to tune the AR filter order. Indeed, the authors
propose that the filter order equals to twice the number of sig-
nificant harmonics. This rule gives quite good results when the
data are not noisy. However, with noisy data, the filter order
must be increased and several trials are needed to obtain a good
tuning. The tuning of the model-free approach is not intuitive
because the characteristics of the embedding vector and the
storage memory size, which have to be chosen, are not directly
related to the heart motion properties. However, as proposed
in [16], ten respiratory periods is a good compromise for the
storage memory size. Choosing the embedding vector charac-
teristics needs only a few trial-and-error tests because the results
are not very sensitive to these parameters, as argued in [29].

B. Algorithm Features

1) Heartbeat Frequency Variation: All the presented meth-
ods can take into account a slight change in the heartbeat
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Fig. 8. Second datasetone heartbeat period ahead prediction of the cardiac
motion for the AR method: only the heartbeat component is reported.

TABLE III
SUMMARY OF DISCUSSION

frequency. For the FLC and AM methods, the cardiac frequency
is updated online using the ECG signal. The Fourier coefficients
are also updated at each sample. The ability of the FLC-like
methods to handle the heartbeat frequency variation is assessed
in [28]. For the AR model, the filter parameters can also vary
to fit a new model if the heartbeat frequency varies. However,
more computational burden is necessary for the LPV method to
take into account such a variation. The MF approach would also
take into account a change in the cardiac frequency, but only
a long time after the occurrence of the variation. Indeed, the
memory used to construct the past embedding vectors (almost
ten respiratory periods) should be completely updated using the
new measurements in order to take into account the new cardiac
frequency.

2) Coupling Between the Two Components of Heart Mo-
tion: Among the frequency-domain-based methods, the FLC
approach does not take into account the coupling between the
respiratory and the heartbeat components. The AM approach
extends the FLC algorithm by considering the influence of the
ventilation on the heartbeat component. Note that the coupling
could be handled in a better way by the AM method if the
linearization constraint was relaxed.

Fig. 9. Spectral analysis of the predicted motion, except for the AR method,
with respect to the measured signal (first dataset, motion in the IS direction).

The temporal models have been designed to overcome the
main limitation of the FLC method, i.e., considering that the
heartbeat and the ventilation components are totally indepen-
dent. Different degrees of modeling of the coupling can be
found. The most relevant approach is the LPV algorithm [17].
The authors assess the coupling between the two motion com-
ponents and try to model it precisely. The AR method can take
into account this coupling if the filter order is chosen adequately.

The MF approach does not involve any modeling of the heart
motion and seeks for the best prediction by using the past mo-
tion. In that sense, we can argue that this approach takes into
account the coupling even without expressing it explicitly.

Fig. 9 shows the spectra of the predicted data (except for the
AR method) and the measured motion for the x-direction of
the first dataset. This spectral plot outlines that the LPV, MF,
and AM approaches handle the coupling between the two heart
motion components. Note that the figure also shows that the
FLC does not take into account the coupling: the peaks of the
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measured signal at fc " fr and fc + fr are, for instance, not
observed for the predicted signal.

In conclusion, the proposed AM method gives promising re-
sults when compared to the existing approaches. It takes into
account two features that seem of great importance for car-
diac surgery: the adaptation to heartbeat frequency variation
and the modeling of the coupling between the two heart motion
components. Moreover, the AM algorithm is easy to tune and
implement.

VII. CONCLUSION

In this paper, a detailed review and a classification of the main
heart motion-prediction algorithms have been provided with
emphasis on the modeling aspects of the different approaches.
We particularly highlighted a novel prediction method based on
AM. Experimental results using two different in vivo datasets
were also given to evaluate the accuracy of the most relevant
approaches before discussing their main properties. The AM
algorithm gives promising results.

Future work includes the use of the AM technique in a pre-
dictive control scheme. The obtained control law will be used in
the controller of the active cardiac stabilizer proposed in [15].
This will allow us to evaluate the robustness of the prediction
method with respect to physiological parameter variations in a
cardiac stabilization context.

APPENDIX A

LEAST-SQUARES-ALGORITHM WITH

FORGETTING FACTOR

If the data samples at each time k can be expressed as

y(k) = '(k)T ((k " 1) (46)

where '(k) is a known regression vector and ( is the parameter
vector to be estimated, which can be estimated online using the
following RLS algorithm with a forgetting factor ! [30]:

ŷ(k) = '(k)T (̂(k " 1)

K(k) =
P (k " 1)'(k)

! + '(k)T P (k " 1)'(k)

(̂(k) = (̂(k " 1) + K(k)(y(k) " ŷ(k))

P (k) =
1
!

<
P (k " 1) " P (k " 1)'(k)'(k)T P (k " 1)

! + '(k)T P (k " 1)'(k)

=

(47)

where K(k) is the correction gain vector and P (k) is the covari-
ance matrix. The variables (̂(k) and ŷ(k) denote the estimate at
sample k of ((k) and y(k), respectively.
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