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Heartbeat and Breathing Compensation Through

in-eye OCT Distance Measurements

S.A.M Tunissen, Y.G.M. Douven, M.J.G. van de Molengraft
Department of Mechanical Engineering Eindhoven University of Technology

Abstract - In vitreo-retinal eye surgery, there
is often precision required that is beyond human ca-
pabilities. To reach these high precisions, a robotic
system is developed to assist the surgeon. One of
the features of this system is measuring the distance
from the surgical instrument tip to the retina. From
these measured distances over time, the movement
of the retina can be obtained. While performing
procedures close to or inside the retina, compensat-
ing for these retina movements (by moving the sur-
gical instrument tip along with the retina) can help
to prevent damage to the eye. This work presents
an analysis of the retina movements, which con-
cludes that these movements are semi-periodic and
related to both heartbeat and breathing of the pa-
tient. An unscented-Kalman-filter based observer
is proposed, to estimate the frequency, phase, am-
plitude and offset of the periodic parts of the retina
movement. The estimated variables are used to
predict the retina position and compensate for the
periodic movements. For the non-periodic parts,
where these predictions are not valid, a position
feedback controller in a Kalman-filter framework is
suggested. To switch between these two filters a
switching law, based on the estimated prediction
quality, is proposed. The proposed method is vali-
dated in simulations and experiments.

1 Introduction

The key factor in vitreo-retinal eye surgery is pre-
cision. While performing this kind of surgery man-
ually, hand tremor and accuracy of the surgeon are
limiting factors [1]. To overcome these limitations
Preceyes BV [2] has developed a robotic system to
assist the eye surgeon. This surgical system is a
master-slave system, which filters out hand tremor
and can scale down the movement from master to
slave, if desired. The surgical instrument is part
of the slave, which mimics the movement of the
master. The slave is depicted in Fig. 1.1

During surgery the surgeon observes the retina
and the surgical instrument tip via a microscope,
through the pupil of the patient’s eye. In this setup
depth perception is limited, because of the top view
via the microscope. This limits precision during
surgery.

Fig. 1.1 Surgical system developed by Preceyes BV [3].

The limited depth perception is not solved by
introducing the surgical system. To assist the sur-
geon a distance sensor is incorporated into the
robotic system. This sensor allows the surgeon to
get feedback on the distance between the instru-
ment tip and the retina. The distance sensor is a
Spectral-Domain Optical Coherence Tomography
(SD-OCT) sensor [4]. This SD-OCT sensor uses
light, which is guided through an optical fibre to
the instrument tip. From the instrument tip the
light travels to the retina on which it reflects. This
reflected light is compared to a reference, using
the principle of interference. In this way a one-
dimensional depth image is obtained in which the
distance from instrument tip to the retina can be
determined by a detection algorithm, which detects
the patron of the retina in the one-dimensional
depth image.

This distance information over time can be used
to determine the movement of the retina. Knowl-
edge about the movement of the retina can help
improve safety during procedures which take place
close to or inside the retina, because in these cases
the retina can be touched undesirably which could
cause damage to the eye and lessen the sight of the
patient.

During a European project called EurEyeCase
[5], the robotic system with the distance sensor were
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validated in clinical trials on human patients. The
patients were fully anesthetized during the proce-
dures. The measured distance data from the trials
can be used to analyse the retina movement. An
example of measured retina movement, is shown in
Fig. 1.2.

Fig. 1.2 Movement of the retina, while the surgical
instrument tip is standing still.

The movement of the retina seems to be repet-
itive and two major repetitive components can be
distinguished. One with a period of approximately
five seconds and the other with a period of around
one second. According to research of Kinkelder et
al. and Kanowski et al. [6] [7], eye movements are
induced by the heartbeat and the breathing of the
patients. These movements will increase the chance
of touching the retina with the surgical instrument,
which increases the chance of eye damage. So it
is desirable to compensate for them by moving the
instrument tip of the robotic system along with the
retina. If these movements are actually induced by
heartbeat and breathing, they are periodic [8] [9],
as long as the patient is not panicking for instance.
This would mean that it is possible to determine a
model for the movement and estimate the variables
of the movement with an observer. This estimate
can be used to compensate for the movement.

In literature there is no research done on in-eye
heartbeat and breathing modelling and/or com-
pensation. However, research has been done on
heartbeat prediction during intracardiac surgery.
Tuna et al. [10] predicted the heartbeat movement
using an vector autoregressive model (VAR). Yuen
et al. [11] predict the heartbeat movement using
an Autoregressive model with fading memory and
a time-varying Fourier Series model in an extended
Kalman filter (EKF).

The VAR models depend linearly on previous
values, but the movement of the retina is non-
linear, so the results will be non-optimal. The
model for the EKF filter, proposed by Yuen et al.
[11], only compensates for heartbeat induced move-
ments and not for breathing induced movements.
Also, the proposed method uses a model estimat-

ing the following variables: an offset, a frequency
and N numbers of phase and amplitude. Where N
is the number of estimated higher harmonics plus
one (for the phase and amplitude of the ground
vibration of the heartbeat). The estimated phases
and amplitudes have no mutual dependency and
can evolve freely over time in this model. In other
words the shape of the heartbeat is not taken into
account in this model. However, these higher har-
monics are induced by the same phenomenon as
the ground frequency and together they make a
heartbeat. So this mutual dependency should be
incorporated into the model. Also the model of
Yuen assumes periodicity, however the heartbeat is
not guaranteed periodic.

This work presents a method to model and
predict the heartbeat and breathing induced move-
ments of the retina, like the EKF of Yuen et al.
[11]. However, the method in this work is based
on an unscented-Kalman-filter (UKF) to estimate
the periodic part of the retina movement, because
the UKF is accurate to the 3rd order (Taylor se-
ries expansion) for any non-linearity, as where the
EKF is only accurate to the first order [12]. This is,
because the EKF propagates the mean over the lin-
earized non-linear model to get the new mean and
the UKF uses the unscented transformation (UT)
to place a set of sample points located around the
mean, called sigma points, to propagate these over
non-linear function itself to get the new mean. The
proposed model also takes the mutual dependency
between the ground vibration and higher harmon-
ics of the movements into account, so the shape of
the heartbeat and breathing. A position feedback
controller (FB) in a Kalman-filter (KF) framework
is suggested within this method to deal with the
non-periodic parts of the heartbeat and breathing.
To switch between these two filters (FB KF and
UKF) a supervisor has been determined with a
switching law.

The periodicity of the retina movement is anal-
ysed and the UKF is explained in Section 2, the
feedback controller and switching law are explained
in Section 3. The results of the simulations and ex-
periments are shown and discussed in Section 4.
The conclusion and recommendations are given in
Section 5.

2 Periodic movement Model

To predict the retina movement a model of this
movement is necessary. As said before, according
to Kinkelder et al. and Kanowski et al. [6] [7] the
movement of the retina is heartbeat and breathing
induced. In this section the retina movement will
be analysed, a model will be proposed to describe
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Fig. 2.1 Retina movement of patient 1.

10
-1

10
0

10
1

Frequency [Hz]

0

2

4

6

8

10

A
m

p
lit

u
d
e

 [
m

]

Fig. 2.2 DFT of retina movement of patient 1.
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Fig. 2.3 Retina movement of patient 2.
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Fig. 2.4 DFT of retina movement of patient 2.
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Fig. 2.5 Retina movement of patient 3.
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Fig. 2.6 DFT of retina movement of patient 3.
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Fig. 2.7 Retina movement of patient 4.
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Fig. 2.8 DFT of retina movement of patient 4.
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Fig. 2.9 Retina movement of patient 5.
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Fig. 2.10 DFT of retina movement of patient 5.
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this movement and the UKF will be explained.

To verify whether the retina movement is heart-
beat and breathing induced, the measured distance
data (instrument tip to retina) of the EurEyeCase
clinical trials [5] is used. During these clinical
trials, surgery was performed on five fully anes-
thetized patients for more then 15 minutes per
patient. Whilst performing these clinical trials dis-
tance data has been recorded, in which the patients
are only touched by the robot. If the instrument
tip is standing still the only movement measured by
the distance sensor is the retina movement. For all
five patients one of these parts is depicted in Figs.
2.1, 2.3, 2.5, 2.7, 2.9. Note that the amplitude of
patient 3 is significantly higher, since this patient
was snoring during the procedure.

All patients show a repetitive pattern in the
retina movement. However, these patterns look
different for all patients. A Discrete Fourier Trans-
form (DFT), without zero-padding or windowing,
is applied to the time data to check whether the
movements are periodic. These DFTs are depicted
in Figs. 2.2, 2.4, 2.6, 2.8, 2.10.

The resulting frequency domain spectra show
clear peaks. For patient 1 the frequencies of these
peaks are presented in Tab. 2.1. These frequency
values are clearly harmonics of two ground vibra-
tions as indicated in the left column. According
to Valenza et al. [13] and Avramov et al. [14],
these values for the frequencies correspond with the
heartbeat (0.8− 1.4Hz) and breathing (0.2Hz) fre-
quency of healthy fully anesthetised humans. Ex-
cept for patient 3 (snoring), all patients have fre-
quency peaks around the same value, so it is as-
sumed all periodic movements in the eye are in-
duced by heartbeat and breathing. Note that all
these measurements are only in the axial direction
of the surgical instrument. The results and method
of an analysis of the lateral retina movement is pre-
sented in Appendix A.1.

Tab. 2.1 Peaks in the DFT for patient 1.

Patient 1
Breathing 0.20 Hz

Harmonic 1 0.41 Hz
Harmonic 2 0.64 Hz

Heartbeat 0.92 Hz
Harmonic 1 1.82 Hz
Harmonic 2 2.72 Hz

To describe this periodic retina movement, a
model is proposed which couples all harmonics of
the heartbeat to the ground vibration of the heart-
beat and the same for the breathing. This motion

model is expressed in Eq. 2.1.

z(t) = c+ abcos(θb(t))+

Nb∑
i=2

(rbiab)cos(iθb(t) + φbi)+

ahcos(θh(t))+

Nh∑
j=2

(rhj
ah)cos(jθh(t) + φhj

)

(2.1)

Where z(t) is the retina position over time, Nb and
Nh are the number of vibrations (namely ground
plus harmonics) for breathing and heartbeat re-
spectively, ab and ah are respectively the breathing
and heartbeat amplitude of the ground vibration,
rb and rh are the normalized amplitudes of the har-
monics, θb(t) and θh(t) are the breathing and heart-
beat angle of the ground vibration, which are built
up as follows:

θb/h(t) =

∫ t

0

2πfb/h(τ)dτ + φb/h (2.2)

Where fb/h is the frequency of the ground vibration
and φb/h the phase offset of the ground vibration.
φbi∀i ∈ [2, .., Nb] and φhj∀j ∈ [2, .., Nh] of Eq. 2.1
are the phase shifts of the higher harmonics com-
pared to the angle θb/h of the ground vibration. So
in this model the harmonic vibrations are not only
coupled to the ground vibrations via the frequency
(as in the work of Yuen et al [11]), but also via the
amplitude and phase.

To fit this model in state-space model frame-
work, the following state vector is defined, as ex-
pressed in Eq. 2.3. This state vector contains
L = 3 + 2Nb + 2Nh states.

x̂T =
[
ĉ âb r̂b2,..,Nb

f̂b θ̂b φ̂b2,..,Nb

âh r̂h2,..,Nh
f̂h θ̂h φ̂h2,..,Nh

] (2.3)

If the movement is purely periodic all states are
constant over time, except for θ̂b(t) and θ̂h(t).
These states evolve over time as expressed in Eq.
2.4.

θ̂b/h(t+ ∆t) = 2πf̂b/h∆t+ θ̂b/h(t) (2.4)

The resulting state space model for this system is
expressed in Eq. 2.5 below.

x̂(t+ ∆t) = F(t)x̂(t) + w(t)

ẑ(t) = h(x̂(t)) + v(t)
(2.5)

Where the retina position prediction ẑ(t) is the out-
put, which is the current estimated state vector x̂(t)
mapped to the observed state via ẑ(t) = h(x̂(t)) of
Eq. 2.1. w(t) and v(t) are respectively N (0,Q)
and N (0, σ2

R) independent Gaussian noise terms.
The state transition matrix F(∆t) with size L× L
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is stated in Eq. 2.6.

F(∆t) =

INb+1 0
1

∆t 1
INb−1+Nh

1
∆t 1

0 INh−1


(2.6)

An UKF is used to predict the retina movement
described by the state-space model. This filter will
now be explained step by step. From here on the
time instance will be indicated with a subscript in-
stead of ∆t. We define x̂k−1|k−1 and P̂k−1|k−1 to
be respectively the estimated mean with size L× 1
and estimated covariance with size L × L of the
algorithm, at time instance k − 1. The estimated
mean is evolved through the state transition model
of 2.6, to obtain the prediction, which is possible
without UT, because the transition model is linear.
The estimated covariance is also evolved by means
of the state transition model to obtain the predicted
covariance, as follows:

x̂ukfk|k−1
= Fx̂ukfk−1|k−1

P̂ukfk|k−1
= FP̂ukfk−1|k−1

FT + Qukfk

(2.7)

The predicted mean x̂ukfk|k−1
and covariance

P̂ukfk|k−1
are updated with the new measurement

zk, to obtain their estimates at step k. To do so the
predicted mean and covariance should be evolved
by means of the non-linear function h of Eq. 2.1.
A set of sigma vectors can be determined, using Eq.
2.8, to evolve over the non-linear function, this is
illustrated in Fig. 2.11.

Fig. 2.11 The use of the UT in the UKF illustrated,
where the non-linear function g is h in our case [15].

Note that from here on the term sigma vectors
is used instead of sigma points, because it concerns
a state vector with size larger than one. The sigma
vectors are combined in the matrix X consisting
of 2L + 1 sigma vectors, see Eq. 2.8. Each sigma

vector has weights Wm and Wc for respectively the
mean and covariance to determine the estimated
mean and covariance.

X0 = x̂ukfk|k−1

Xn = x̂ukfk|k−1
+

√
(L+ λ)P̂ukfk|k−1i

n = 1, ..., L

Xn = x̂ukfk|k−1
−

√
(L+ λ)P̂ukfk|k−1i−L

n = L+ 1, ..., 2L

Wm0
= λ/(L+ λ)

Wc0 = λ/(L+ λ) + (1− α2 + β)

Wmn = Wcn = 1/(2(L+ λ)) n = 1, ..., 2L

(2.8)

Where λ = α2(L + κ) − L is a scaling parameter.
The spread of the sigma points is determined by
α(0, 1] and κ[0,+∞), β is related to the distribu-
tion of x̂, which is optimally captured, for Gaussian

distributions, if β = 2 [12].
√

(L+ λ)P̂ukfk|k−1i
in-

dicates the ith row of the matrix square root. For
this model α = 1 is chosen to be able to capture
the spread of the distribution, κ is set to 0, because
the spread of the distribution is already captured
by α and β = 2.

This results into a matrix of sigma vectors X
of the prediction, from which the estimated mean
x̂ukfk|k and covariance P̂ukfk|k , at step k, can be
calculated using the weights of Eq. 2.8, see Eq.
2.9.

Znk
= h(Xnk|k−1

) n = 0, ..., 2L

ẑukfk =

2L∑
n=0

Wmn
Znk

yukfk = zk − ẑukfk

Pzzk =

2L∑
n=0

Wcn(Znk
− ẑukfk)(Znk

− ẑukfk)T +R

Pxzk =

2L∑
n=0

Wci(Xnk|k−1
− x̂ukfk|k−1

)(Znk
− ẑukfk)T

Kukfk = PxzkP
−1
zzk

x̂ukfk|k = x̂ukfk|k−1
+ Kukfkyukfk

P̂ukfk|k = P̂ukfk|k−1
−KukfkPzzkK

T
ukfk

(2.9)

Where Zn is the matrix with sigma vectors
propagated through the non-linear function h, ẑukf
is the predicted mean of the observed state, yukf
is the innovation, Pzz is the covariance of the in-
novation, Pxz is the cross covariance matrix of the
state variables and observed state and Kukf the
gain matrix.

To initialize the UKF, a Fast Fourier Transform
(FFT) is taken of ten seconds of data, since this
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timespan ensures the presence of at least one full
period of breathing. The highest peak of the FFT
in the range of 0.1Hz to 0.55Hz (reasonable range
for human breathing [16]) is taken to initialize the
breathing and the highest peak of the FFT in the
range of 0.75Hz to 2.8Hz (reasonable range for hu-
man breathing [17] [18]) is used to initialize the
heartbeat.

Nb and Nh are set to respectively 4 and 6, be-
cause these are the maximum number of higher har-
monics observed in the clinical trial data. The har-
monic vibrations are searched in the range around
the multiples of the ground vibrations. Because the
resolution of the frequency is 0.02Hz, so assuming
an uniform probability distribution of the possible
sub resolution values, the uncertainty of the ground
vibrations frequency is ±0.01Hz. This uncertainty
range adds up per harmonic, so ±0.02Hz for the
first harmonic, ±0.03Hz for the second harmonic
and so on. Due to the frequency resolution of
0.02Hz, some of these ranges can not exactly be
matched. In these cases they are rounded up, for
instance ±0.01Hz will become ±0.02Hz. Note that
there is a constraint on the harmonics of the breath-
ing, these frequencies are not allowed to match the
frequency of the heartbeat ground vibration (or
harmonics), because otherwise there will be com-
pensated twice for this frequency component.

The frequency of the breathing and heartbeat
fb/h are not initialized with the frequency of the
ground vibration, but with the average frequency
of the ground vibration and the harmonics di-
vided by the corresponding number i ∈ [2, .., Nb] or
j ∈ [2, .., Nh], of Eq. 2.1, for respectively breathing
and heartbeat. The amplitudes of the ground vi-
brations ab/h are initialized by the peak value of the
FFT, the normalized amplitudes of the harmonics
rb/h are initialized as rbi/hj

= aharmonici/j/aground.
The phases of the ground vibrations φb/h are ini-
tialized by taking the angle of the complex vector
belonging to the peak. The phase of the harmonics
φharmonicbi/hj

is calculated in the same way, only it

is initialized as φbi/hj
= φharmonicbi/hj

− φb/h. The

offset c is initialized with the peak value at 0Hz of
the FFT.

The estimated frequencies, which are initialized
in the model, cover a certain fraction of the energy
in the signal efrac, which is typically around 0.2.
This fraction is used to determine the covariance of
the initial estimation. This state estimate covari-
ance matrix P is initialized using Eq. 2.10, these
values, specified in Eq. 2.11, are based on the ca-
pability of the FFT to find the right initialization

values.

Pinit =
1

efrac
diag[pc pab p∆ab2,..,Nb

pfb pθb

p∆θb2,..,Nb
pah p∆ah2,..,Nh

pfh pθh p∆θh2,..,Nh
]

(2.10)

pc = 40

pab = 0.8

prb2,..,Nb
= 1e−3

pfb = π2e−5 pfh = π4e−6

pθb = 0.032π

pφb2,..,Nb
= pφh2,..,Nh

= 2e−3

pah = 0.1

prh2,..,Nh
= 2e−4

pθh = 0.02π

(2.11)

The process noise covariance matrix Qukf is ini-
tialized as expressed in Eq. 2.12, with the values
as specified in Eq. 2.13. These values are based
on the amount of change they experience over time
and are based on the retina movement observed in
the clinical trial patients.

Qukf = diag[σ
2
c σ2

ab
σ2
rb2,..,Nb

σ2
fb

σ2
θb

σ2
φb2,..,Nb

σ2
ah

σ2
rh2,..,Nh

σ2
fh

σ2
θh

σ2
φh2,..,Nh

]

(2.12)

σ2
c = 5e−2

σ2
ab

= σ2
ah

= 1.5e−5

σ2
rb2,..,Nb

= σ2
rh2,..,Nh

= 5e−10

σ2
fb

= 5e−8

σ2
fh

= 5e−7

σ2
θb

= σ2
θh

= 5e−6

σ2
φb2,..,Nb

= σ2
φh2,..,Nh

= 5e−11

(2.13)

The UKF will be reset when the covariance of the
prediction Pukf , see Eq. 2.14, is too high. This is
the case when the chance of undesirably touching
of the retina is larger than 0.01%. If the chance
of a touch is less than 0.01% the UKF is not re-
set, because the chance of a touch is significantly
low. If a touch occurs it will probably be only for
one sample, while the change of a touch with a du-
ration of two samples is maximally 1e−6% in this
case. In this one sample the retina is only indented
a few micrometres by the instrument tip, which will
not cause any major damage. See Eq. 2.14 for the
corresponding mathematical notation for the reset.

Pukfk = Pzzk −R
d < 3.89

√
Pukfk ⇒ Reset

(2.14)
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Where Pukfk is the variance of the prediction ẑk,
d is the measured depth and 3.89 is the number
of standard deviations corresponding to an uncer-
tainty of 0.01%.

3 Non-periodic movement

The model described in Section 2 assumes period-
icity of retina movement. The covariance of the
process noise (model covariance) covers a certain
amount of change in periodicity per step. However,
if the non-periodicity of the retina movement is
larger than the model covariance is able to cover,
the model will be invalid. This will for instance
be the case when a patient snores. Enlarging the
model covariance is undesirable, because this will
decrease performance during periodic parts. How-
ever, in these non-periodic parts it is still desirable
to compensate for the retina movement. In this
section a method is described, which guarantees
retina movement compensation even if the move-
ment is non-periodic.

Non-periodicity in the measured distance from
instrument tip to retina can have multiple causes,
these causes can be split in two types. The first
type is expected non-periodicity due to lateral in-
strument movements, however in this case the mea-
sured distance to retina still contains the periodic
component from the retina movement itself. The
shape of this periodic component might change,
because the observed point will change due to the
lateral movement of the instrument. The second
type is unexpected non-periodicity due to for in-
stance small head movements, a skipped heartbeat
or snoring of the patient.

For the first type, expected non-periodicity, the
model covariance can temporarily be increased, so
the non-periodic changes will be covered. The lat-
eral movement of the surgical instrument is known.
The amount of change per step, determines the
change in the model covariance at step k:

Qukfk
= Qukf + |rk − rk−1|Qr (3.1)

Where rk is the lateral position of the instrument
tip at step k. The Qr matrix indicates the extra un-
certainty, due to lateral movement. The values for
Qr have been determined by the amount of change
they experience during lateral movement and are
based on the retina movement observed in the clin-
ical trial patients.

Qr = diag[∆σ
2
c ∆σ2

ab
∆σ2

rb2,..,Nb

∆σ2
fb

∆σ2
θb

∆σ2
φb2,..,Nb

∆σ2
ah

∆σ2
rh2,..,Nh

∆σ2
fh

∆σ2
θh

∆σ2
φh2,..,Nh

]

(3.2)

∆σ2
c = 1.8e−2

∆σ2
ab

= 1e−4, ∆σ2
ah

= 1e−3

∆σ2
rb2,..,Nb

= ∆σ2
rh2,..,Nh

= 1e−9

∆σ2
fb

= ∆σ2
fh

= 0

∆σ2
θb

= 1e−6, ∆σ2
θh

= 1e−5

∆σ2
φb2,..,Nb

= ∆σ2
φh2,..,Nh

= 1e−10

(3.3)

For the second type, unexpected non-periodicity,
data association is performed to determine if the
retina still moves according to the periodic model.
When the UKF model is invalid a different method
needs to be applied to compensate for the retina
movement. A solution in the form of a second fil-
ter is introduced. This filter is based on position
feedback (FB) control, while there is no reliable in-
formation about the future retina movements when
their is no periodicity.

This FB control is expressed in a Kalman-filter
(KF) framework. This results into a KF with one
state variable which is also the observed state, a
state transition model F = 1 and an observation
model H = 1. Qfb = 1, because this is the stan-
dard deviation of the measured retina movement in
between two measurements. In this way the FB fil-
ter actually works as a lowpass filter in a KF frame-
work. See Eq. 3.4 for the mathematical expression
of the FB KF, where again the subscript k indicates
the time instance.

x̂fbk|k−1
= x̂fbk−1|k−1

P̂fbk|k−1
= P̂fbk−1|k−1

+Qfb

ẑfbk = x̂fbk
yfbk = zk − ẑfbk|k−1

Sk = P̂fbk|k−1
+Rk

Kfbk = P̂fbk|k−1
S−1
k

x̂fbk|k = x̂fbk|k−1
+Kfbkyfbk

P̂fbk|k = (I −Kfbk)P̂fbk|k−1

(3.4)

To determine if the UKF is valid a measure to as-
sociate the data is introduced. This measure is the
mahalanobis distance [19] (DM ), which is the in-
novation normalized to its standard deviation, see
Eq. 3.5.

DMk
=

√
y2
kP
−1
zzk (3.5)

The so called validation gate γ [20] of the maha-
lanobis distance is set to 4, where D2

M < γ. So
this condition on the DM actually means that if
the innovation is larger than 2 times the estimated
standard deviations, the UKF model will be in-
valid. With this condition 4.55% (corresponding to
2 standard deviations of a Gaussian distribution,
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because
√
γ = 2) of the periodic measurements will

not be associated as periodic measurements.

When the UKF is valid the filter with the
highest certainty is used to compensate for the
retina movement, the used prediction is indicated
by ẑpred. The prediction covariances of both filters
at step k are expressed as follows:

Pukfk = Pzzk −R for UKF

Pfbk = P̂fbk|k−1
for FB

(3.6)

However both filters will be updated continuously
even if they are not used for the compensation. See
Fig. 3.1 for schematic representation of this pro-
posed method.

UKF

FB Switch

z +

+

yukf

yfb

ẑukf

ẑfb

ẑukf

ẑfb ẑpred

Fig. 3.1 Schematic representation of the proposed
method. The covariances are not indicated in this
scheme, however these are also passed through.

Now that a switching system has been created,
the stability of this system needs to be considered.
There is no switching in the dynamics of the filters,
only in the chosen output by the switch of Fig.
3.1. So to ensure that the error stays bounded it
must be guaranteed that if one of the filters gives a
prediction with an unbounded error, this filter will
never be used for predicting the retina position.
This could for instance happen if the initialization
of the UKF is not correct.

At first the measurement noise R and the retina
movement are assumed to be bounded. For the FB
KF the following is true F = 1, H = 1 and Qfb = 1.
With these parameters known it can be stated that
the FB KF is stable, because the gain will always
be between [0, 1) as expressed in Eq. 3.7. So the
FB KF will give a prediction with a bounded error
and bounded covariance, which will converge to a
constant value when R is constant, see Eq. 3.8.

Kfbk = P̂fbk|k−1
S−1
k

Kfbk = P̂fbk|k−1
(P̂fbk|k−1

+Rk)−1 → [0, 1)
(3.7)

P̂fbk|k−1
= P̂fbk−1|k−1

+Qfb

P̂fbpred = P̂fbest +Qfb

P̂fbpred = (1−Kfb)P̂fbpred +Qfb

Kfbk = P̂fbpred(P̂fbpred +Rk)−1

P̂ 2
fbpred

− P̂fbpredQfb −RkQfb = 0

P̂fbpred = Pfbk =
Qfb +

√
Qfb + 4QfbRk

2

(3.8)

In contrast to the FB KF the UKF is not guaran-
teed stable. So the switching conditions need to
guarantee that the UKF is only active if the esti-
mated error is bounded. From the condition of Eqs.
3.6 and 3.8, it can be stated that the UKF model

is only active if P̂ukfk < 1+
√

1+4Rk

2 , if Qfb = 1 is
substituted. However, it is not guaranteed that
if the error of the UKF is unbounded the P̂ukfk
is unbounded, because there is no direct relation
between the estimated error (yukf ) and the P̂ukf .
So the condition on the covariance alone will give
no guarantees for the entire system.

However the DM is directly linked to the esti-
mated error (yukf ). The condition on the DM , of

Eq. 3.5, can be written as a condition on the P̂ukfk ,
as shown in Eq. 3.9.√

y2
ukfk

Pzzk
<
√
γ√

y2
ukfk

P̂ukfk +Rk
<
√
γ

P̂ukfk >
y2
ukfk

γ
−Rk

(3.9)

This condition guarantees that the UKF is not ac-
tive if the error is unbounded, but the covariance
is not. These two switching conditions together re-
sult in the following condition on P̂ukf for an active
UKF at step k:

1 +
√

1 + 4Rk
2

> P̂ukfk >
y2
k

γ
−Rk (3.10)

The condition has an upper bound for P̂ukf to en-
sure the UKF is inactive if the prediction quality
is bad and a lower bound to ensure the estimation
error is covered in P̂ukf when the UKF is active. So
these two switching conditions together guarantee
that the entire system will always have a bounded
output error if it has bounded inputs zk and R.

4 Results

To validate the performance of the proposed
method, simulations and experiments are per-
formed on simulated data, data measured during
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the clinical trials and live experiments with the
robot in the loop. The results of these simulations
and experiments will be presented and discussed,
respectively.

4.1 Simulations

The proposed method is validated in simulation us-
ing the following three cases, which represent com-
mon situations observed in the clinical trial data:

1. A simulated retina position containing peri-
odic heartbeat and breathing movement is
used to validate the general working.

2. The working of the algorithm is validated,
when there is no distance measurement avail-

able for a limited amount of time. The signal
from case 1 is used after the removal of 0.8
seconds of measurement data.

3. A sudden non-periodicity is introduced (for
instance a snore) into the signal of case 1, to
validate the switch from UKF to FB KF and
the boundedness of the error.

The signal used for the simulations is obtained
by propagating the initialization result of the UKF
from patient 1 of the clinical trail over time, so the
breathing and heartbeat peaks of the FFT. How-
ever, jitter is added to the amplitude and angle of
the vibrations and some drift is introduced. Also
measurement noise with a standard deviation of
3µm is introduced.

Fig. 4.1 a-e Results of case 1, with from
top to bottom; a) measured and predicted
relative retina position, b) error of the pre-
diction with the true retina position, c) ac-
tive filter per time step, d) DM of the UKF
and e) variances of the position predictions.

Fig. 4.2 a-e Results of case 2, with from
top to bottom; a) measured and predicted
relative retina position, b) error of the pre-
diction with the true retina position, c) ac-
tive filter per time step, d) DM of the UKF
and e) variances of the position predictions.
With no data available between second 19.5
and 20.3.

Fig. 4.3 a-e Results of case 3, with from
top to bottom; a) measured and predicted
relative retina position, b) error of the pre-
diction with the true retina position, c) ac-
tive filter per time step, d) DM of the UKF
and e) variances of the position predictions.
With the snore between second 19.5 and
20.3.
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The results of the simulations are shown in Figs.
4.1, 4.2 and 4.3, in which plots c-e show that the
switching behaviour is as desired. Note that un-
til second 10 there is no UKF prediction available,
because the UKF is not initialized yet. In case 1
the signal is periodic with jitter and measurement
noise, so it is desired that the UKF will do the pre-
dictions, which is the case after convergence of its
variance of the retina position, because the initial
covariance is relatively high due to the limited ca-
pability of the FFT to estimate the correct initial
values for the breathing amplitude. This is due to
the influence of a step on the FFT. It can be seen in
Fig. 4.1, plot e, that the variance increases around
second 15, because UKF is not fully converged yet.
The measurement noise is mostly filtered out by
the FB KF and UKF (see Fig. 4.1, plots a and b).
When the UKF is active, the error of the prediction
with the real state decreases in the steep parts of
the measurements. This indicates that the filter is
capable of predicting the periodic retina movement.
The maximum error using FB is 10µm and while
using UKF 5µm. The maximum error is given, be-
cause this would be the maximum movement rela-
tive to the retina after compensation. However, the
error does not converge to zero when the UKF is
active, because the UKF is not capable of compen-
sating for the jitter and the initialization is non-
optimal, as explained before.
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Fig. 4.4 a-b Zoomed in results; a) True retina posi-
tion and prediction of case 2, the black lines indicate
the time in between which no measured distances are
available, b) prediction and UKF prediction of case 3.

In case 2 it is expected that the UKF predicts
the movement, while no distance measurements are
available, which is the case (see Fig. 4.2, plot c).
Fig. 4.4, plot a, shows the prediction of the pro-
posed method and the true retina position for sec-
onds 19 until 21. Fig. 4.2, plot b, shows that the
error of case 2 increases between second 19.5 and
20.3, when no measurement data is available. How-
ever, the error stays bounded (smaller than the am-
plitude of the movement).

For case 3 it can been seen that the prediction
of the FB KF is used when a non-periodicity is in-
troduced, which is desired, because the prediction
of the UKF is invalid (see Fig. 4.3, plot d). Fig.
4.2, plot a, shows that the prediction follows the
introduced non-periodicity. Fig. 4.4, plot b, shows
at which time step the FB KF takes over, because
the UKF is invalid. Fig. 4.2, plot b, shows that
error stays bounded in this situation.

Fig. 4.5 UKF state variables estimation over time. The
colors indicate the case, however most of the time only
the color green is visible, because the cases overlap.

In Fig. 4.5 the estimation of the state variables
are plotted over time for all three cases. It shows
that all the state variables converge to approxi-
mately the right values, except for the breathing
amplitude. In this case the offset compensates for
the error in estimated breathing amplitude, which
is possible, because the breathing is relatively low
frequent. The offset also compensates for the jitter
on the other state variables. So, it can be concluded
that in these three situations the proposed method
performs as expected, while the UKF predicts the
movement with a smaller error than the FB KF
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and, if not, the FB KF takes over the compensa-
tion.

4.2 Prediction experiments

The proposed method is also validated in experi-
ments in which only predictions on the retina posi-
tion are performed. During the clinical trials, the
one-dimensional depth images from the SD-OCT
and position of the surgical instrument were logged.
This data is used to perform these experiments.
Within the loop of these experiments, the distance
from instrument tip to retina is determined (from
the one-dimensional depth images) by the detec-
tion algorithm. Due to this, it is possible to feed
the instrument movement and the prediction of the
proposed method back to the detection algorithm,
which determines the distance from instrument tip
to retina from the one-dimensional depth images of
the SD-OCT. Since this will improve the detection,
the measurement noise R of the detected retina po-
sition decreases. In these experiments two cases are
validated:

1. A part with axial movement of the instrument
tip and missing measurement data.

2. A part with lateral movement of the instru-
ment tip.

With these cases it can be validated if the
proposed method is able to cope with instrument
movements and real retina movements.

The results of case 1 are depicted in Fig. 4.6.
In plot a the prediction and measurements are de-
picted. Plot c shows the mahalanobis distance,
which does not increase when there is axial instru-
ment movement (see Fig. 4.6, plot e), so this does
not influence the UKF. In Fig. 4.8 the estimated
state variables over time are depicted. It shows
that the amplitude of the breathing converges to
approximately zero. So this means there is no pe-
riodic breathing component. If the breathing is
non-periodic, the offset is compensating for it, be-
cause it is a low frequent movement.

The results of case 2 are depicted in Fig. 4.7.
Plot a shows that the retina movement is hard to
track and detect (noise around time 20s) during
lateral movement (see Fig. 4.7, plot e), due to
the large changes in retina position and missing
position measurements. Therefore, the FB KF is
mostly active (see Fig. 4.7, plot d).
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Fig. 4.6 a-e Results of case 1, with from top to bot-
tom; a) measured and predicted relative retina posi-
tion, b) variances of the position predictions, c)DM of
the UKF, d) active filter per time step and e) relative
axial position of the surgical instrument tip.
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Fig. 4.8 The UKF state variables estimations over
time for case 1.
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Fig. 4.9 The UKF state variables estimations over
time for case 2.

However, the knowledge of the state variables from
the UKF (like frequency, phase and amplitude) is
useful when the lateral movement stops and only
retina movement is observed in the measured dis-
tance. This can be seen in the zoomed in part of
case 2 in Fig. 4.10. Note that the UKF prediction
is converging towards the measurements. The lat-
eral instrument movement stops at time 26.5s (see
Fig. 4.9, plot d), so here does the convergence start
and at time 28.8s the UKF is active again. In Fig.
4.8 the state variables of the UKF are depicted,
which show that after the lateral instrument move-
ment stops (time 26.5s) the amplitudes converge to
different values. This can be explained by the fact
that the amplitudes of the heartbeat and breath-
ing are not the same at each place in the eye, see
Appendix A.3 for an analysis of the heartbeat am-
plitudes at different positions in the eye. There is
accounted for this difference in the amplitude, by
the Qr matrix as explained in Section 3.
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Fig. 4.10 Zoomed in results of the measurements, pre-
diction and UKF prediction of case 2.

From these results it can be concluded that the
method works on real distance data and can cope
with movements of the surgical instrument in all
directions.

4.3 Compensating Experiments

The proposed method is also validated with the
robotic system of Preceyes BV in the loop. Dur-
ing these experiments the one-dimensional depth
images from the SD-OCT and the position refer-
ence and measured position of the robotic system
are available and processed real-time to determine
the retina position. The prediction done by the
method proposed in this work is used to update
the reference of the robotic system. The predic-
tion is again fed back to the detection algorithm,
to obtain retina position from the one-dimensional
depth images of the SD-OCT with lower measure-
ment noise R.

For safety reasons, these experiments have not
been performed in the eye, but in the neck of a hu-
man. In the neck the heartbeat pulses of the carotid
artery are detectable. (See Fig. 4.11 and Fig. 4.12
for the experimental setup). In these experiments
it is validated that the proposed method can run
real-time and the communication with the robotic
system is not causing any major problems. How-
ever, there is a delay in communication between
the robotic system and the system on which the
prediction of the proposed method is calculated.
Therefore the prediction of the proposed method is
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propagated further in time to compensate for the
delay in communication. The results of these exper-
iments are depicted in Fig. 4.13 and the estimated
state variables are depicted in Fig. 4.15.

Fig. 4.11 Experimental setup.

Fig. 4.12 Zoomed in on the optical fibre of the SD-
OCT attached to the robotic system of Preceyes BV.
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Fig. 4.13 a-d Results experiments, with from top to
bottom; a) measured and predicted relative skin po-
sition, b) the measured skin position relative to the
surgical instrument and the difference between predic-
tion and measurement, c) the variances of the position
predictions and d) the active filter per time step.

Fig. 4.13, plot a, shows the predicted and
measured skin position. I can be seen that the
prediction is not influenced by very quick changes
in retina position. This is desired, because these
changes are measurement errors (which is check in
the one-dimensional depth scans), see second 33
and 38 of Fig. 4.13, plot a.

Fig. 4.13, plot b, shows that when the UKF
is active (Fig. 4.13, plot d), the measured retina
movement relative to the surgical instrument tip is
a factor 2 smaller in peak values. The innovation
of the active filter is also plotted in Fig. 4.13, plot
b, which shows that the remaining observed retina
movement is not solely prediction error and mea-
surement noise, because the peak values are always
higher than the innovation. In Fig. 4.14 the differ-
ence between the generated reference and the in-
strument tip position is depicted, which causes the
difference between innovation and measured skin
position relative to the surgical instrument. This
plot shows the same peaks and shape as the mea-
sured retina movement relative to the surgical in-
strument of Fig. 4.13, plot b, which indicates that
the instrument tip is not fully following the refer-
ence as expected. This has two reasons; the con-
troller of the robotic system has a relatively low
bandwidth and the communication delay between
the system is not fully compensated.
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Fig. 4.14 The error between the reference generated
from the prediction and the robot position.

Fig. 4.15 shows that the values for the heart-
beat amplitude and frequency converge. However,
the initialized values for the breathing seem to be
incorrect, while the amplitude and frequency do
not converge and the angle of the breathing does
converge to a constant value. This indicates that
the UKF is not compensating for any breathing
induced movement via the desired way, but by the
offset. However, there is no clear periodic breath-
ing movement visible, see Fig. 4.13, plot a. In
stead of the amplitude going to zero, the angle of
the breathing becomes constant, so this results in
an extra offset.

So, it can be concluded that the proposed
method is able to real-time predict heartbeat in-
duced movements and partly breathing induced
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movements if these are dominant in the signal (as
in the simulations). The proposed method switches
between the UKF and FB KF as desired and has
not resulted in unbounded errors (errors larger than
the amplitude of the retina movement). The ob-
served retina movement relative to the instrument
tip remaining after compensation is due to predic-
tion error, measurement noise, communication de-
lay and the low bandwidth controller of the robotic
system.
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Fig. 4.15 The UKF state variables estimations over
time.

5 Conclusion & Recommendations

In this paper a method for heartbeat and breath-
ing estimation, prediction and compensation in
in-eye OCT distance measurements is proposed.
The method is based on the periodicity of heart-
beat and breathing. However, it can also cope with
occasional non-periodicities. This method is vali-
dated in simulations and within experiments.

The method is mainly based on an UKF us-
ing a periodic model of the retina movement and
estimating all state variables in this model. Like
frequency, amplitude and phase of the observed
heartbeat and breathing movements.

With simulations it is shown that the UKF
within the proposed method can predict the retina
movement with a lower maximum error and uncer-
tainty than a position FB controller if the move-
ments are periodic. Next to this, also non-periodic
situations, like unexpected snoring, have been val-
idated to show that the proposed method can
cope with this whilst keeping the maximum er-
ror bounded. It is also shown that the UKF is able
to do predictions with a bounded error for a limited
amount of time in which no data is available.

With experiments it is shown that the proposed
method also works on in-eye measured data and
is able to cope with instrument movements. It is
also shown via experiments that the method can
real-time compensate for the observed movements.

The simulations and experiments have also
shown that the UKF of the proposed method is
able to outperform the position FB controller, even
if the state variables of the UKF are not completely
right.

For future work, information about the global
position of the surgical instrument in the eye can
be used, instead of only the local position relative
to the retina. This requires a global retina model
and the position of the instrument tip within this
model. The global position of the surgical instru-
ment can be obtained via the robotic system and
the position and shape of the global eye model can
be estimated via the measurements as explained in
the work of Coerver et al. [21]. This information
could further improve performance and certainty
of the estimated position and predicted movement
of the retina.

For instance, when the surgical instrument is
moved laterally, the uncertainty of the prediction
done by the UKF is increased, according to the
amount of lateral movement, not knowing if the dis-
tance between surgical instrument tip and retina
is expected to increase or decrease. When the
global position of the instrument tip is known, this
information can be incorporated. Also the un-
certainty is increased according to the amount of
lateral movement, not taken the direction of the
movement into account. So if the instrument tip
for instance comes back to the same position after
lateral movement, this will not be noticed by the
proposed method. By using the global position of
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the surgical instrument this information could be
added.

If the global position of the current measure-
ments is known, it is possible to investigate if there
are correlations between the global position of the
measurements and the state variables of the UKF.
For example if the heartbeat amplitude is generally
larger or smaller at different positions.

Another point for future work would be to take
the angle of the surgical instrument with the retina
into account. In the proposed method the compen-
sation is done fully in the axial direction, however,
this direction is not always perpendicular to the
retina. The first results of an analysis of the angle
between the instrument tip and retina are presented
in Appendix A.2. Also a first analysis of the heart-
beat amplitude at different positions in the eye is
presented in Appendix A.3.
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Appendix A

In this appendix the results of a few analysis of
the measured retina data of the clinical trials are
presented.

A.1 Lateral eye movement

In this appendix the method and results of lateral
eye movement analysis is presented. During the
clinical trials not only position data of the robotic
system and the one-dimensional depth images from
the SD-OCT are logged, but the microscopic view
of the retina, a frame of this microscopic view is
shown in Fig. A.1.

Fig. A.1 One frame of the microscopic view video of
patient 4, with the detected corners as white crosses.

From these microscopic videos the lateral retina
movement is determined using a corner detec-
tion algorithm based on the Shi-Tomasi method
[22] and a feature tracking method based on the
Kanade–Lucas–Tomasi method [23]. From the
tracked points over time the retina movement is de-
termined and DFTs of these retina movement are
calculated. The results for the lateral retina move-
ment of patient 4 are depicted in Fig. A.2 and
the results of the DFTs of these movements are de-
picted in Figs. A.3 and A.4.

Fig. A.2 Lateral eye movement of patient 4 over time,
in the horizontal and vertical direction of Fig. A.1.

Fig. A.3 DFT of the horizontal retina movement of
Fig. A.2.

Fig. A.4 DFT of the vertical retina movement of Fig.
A.2.

The DFTs show the same results as the DFTs of
the axial retina movement. So the retina is moving
in all directions, due to heartbeat and breathing.

However it is unnecessary to compensate for the
movements in the lateral direction as long as the
needle does not go subretinal (in between the retina
and the second layer of the eye), the explanation for
this is given in A.2. If the needle does go subreti-
nal, this will be done with a flexible needle [24],
this flexible part is 6mm long, has an outer diame-
ter of 0.265mm, an inner diameter of 0.12mm and
a youngs modulus of 575MPa. If the needle is sub-
retinal its flexibility will make sure there does not
occur a retina tear. The force introduced on the
retina is calculated using the equations for a one-
sided fixed bending beam and the elasticity of the
retina [25], as shown in Eq. A.1 and A.2 respec-
tively.

F = d
3EI

L3
(A.1)

Where L the length of the flexible part, d the
deflection of the beam, E the youngs modulus of
the needle and I the second moment of area.

F = ∆L
EA

L0
(A.2)

Where ∆L is the displacement of the retina,
L0 the original width of the hole (set to the outer
diameter of the needle), A area which transfers
the force from needle to retina and E the youngs
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modulus of the retina. The youngs modulus of the
retina is determined experimentally by K. Chen
et al. (2009) [26], how found an upper bound of
58 kPa for the lateral directions. The area A can
be calculated using the maximum thickness of the
retina which is approximately 0.32 mm [27].

The displacement of the retina is in the worst
case scenario 200µm, so d + ∆L = 0.0002m. So
there will be a force equilibrium as shown in Eq.
A.3. Note that the curvature of the retina is not
taken into account, because this is worst case sce-
nario 2◦ which results into a 7µm out of plane po-
sition.

F = 18.56∆L = 29.63d = 2.3mN (A.3)

S. Sunshine et al. [28] experimentally deter-
mined the force needed for a retinal tear at 6.4 ±
1.4mN . So the force which will be exerted on the
retina is at least two times too low to damage the
retina.

A.2 Angle of observation

In this appendix the angle of observation is anal-
ysed. Due to the rounding of the eye the distance
measurements in the axial direction of the surgi-
cal instrument will almost never be perpendicular
to the retina. However, vitreo-retinal surgery is
mostly performed on the rear side of the eye, so the
angle of the surgical instrument with the retina will
not approach zero. In Fig. A.5 all distance data of
one of the clinical trials is plotted within a spherical
eye model.

Fig. A.5 Visualization of the distance measurements
of patient 3 in a spherical eye model, with in blue the
measured retina points, in green the insertion point of
the surgical instrument into the eye, in pink the retina
and in red the iris.

This data shows that the instrument tip is in-
deed only pointed at the rear side of the eye, which
is the case for all five clinical trial patients. The

smallest angle of the surgical instrument with the
retina observed in the clinical trial data is 50◦, as-
suming a fully spherical eye. This minimum angle
is much larger than zero so compensating in the
axial direction only will never lead to an undesired
touch of the retina. However, it could be desirable
to compensate in the direction perpendicular to the
retina, in this case a more accurate eye model is
needed to determine the exact angle of the surgical
instrument with the retina.

A.3 State variables in global model

The global position of the instrument in the eye can
be obtained via the work of Coerver et al. [21]. It
this global position is know, the state variables re-
lation to position or observation angle can be anal-
ysed. In this appendix the results of analysis of the
heartbeat amplitude versus the observation angle
is presented. For calculating the observation angle,
again a fully spherical eye is assumed. A DFT is
calculated from the retina data at multiple posi-
tions in the eye where the surgical instrument was
held still for at least ten seconds. The results are
depicted in Figure A.6 and the amplitude value and
position of the peak is given in Tab. A.1.

Fig. A.6 DFT of retina movement plotted against the
observation angle for patient 4 of the clinical trials.

Tab. A.1 Amplitude of heartbeat ground vibration per
observation angle.

Observation Angle [◦] Amplitude [µm]
66.8 13.6
67.9 11.6
69.7 14.0
70.4 10.9
71.8 11.8
72.2 9.6
73.4 11.9
74.5 17.0
78.9 9.8
83.5 8.1
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In these results no correlations between the ob-
servation angle and the amplitude of the heartbeat
can be determined. However, it is clear that the
amplitude is not the same throughout the eye. The
amplitude could be matched to the position, so
whenever the surgical instrument returns to a po-
sition this information can be used.
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