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Abstract— Flexible endoscopes are used in many surgical
procedures and diagnostic exams. They have also been used
recently for new surgical procedures using natural orifices
called NOTES. While these procedures are really promising
for the patients, they are really awkward for the surgeons. In
order to assist the surgeon, physiological motion cancellation
has been successfully applied on a robotized endoscope in
[8]. However, the stability and performance of the involved
controller were ensured only on a small working area, thus
preventing the surgeon to manually move the endoscope during
motion rejection. We propose in this paper to improve the
physiological motion rejection despite depth changes due to
the manual manipulation of the system. For this purpose, the
complete model of the system is developed and an adaptive
predictive controller based on depth estimation is proposed. The
validity of the approach is demonstrated in in vitro experiments.

I. INTRODUCTION
A new surgical technique called NOTES (Natural Orifice

Transluminal Endoscopic Surgery) [1] is currently under
development on the animal model, and at the stage of the
first trials on human beings. It consists in accessing the
peritoneal cavity by passing through a natural orifice to
accomplish treatments. The instrumentation currently used
to perform these procedures is conventional instrumentation
from gastroenterology.

Conventional flexible endoscopes used in gastro-
enterology generally consist of three parts : A control
handle with two navigation wheels, a flexible shaft usually
more than one meter long with a circular cross section,
and a distal bending tip about 10cm long. In order to
navigate inside the human body, the surgeon uses the
images transmitted by an optical system (CCD camera),
embedded at the tip of the endoscope.

As shown in Fig 1, once on the operating site, the surgeon
has to combine various actions to perform the desired move-
ments. The possible actions are the rotation of the wheels
(3,4), the forward/backward motion of the endoscope (1) and
the rotation of the endoscope (2).

Physiological motions of the organs (breathing) generate
important disturbances on the flexible endoscope and in the
image, and operating with these systems requires an expert
hand-eye coordination.

A. Background
Physiological motion compensation using robots is a pos-

sible approach for assisting surgeons in difficult operations
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Fig. 1. Flexible endoscope manipulation

[2]. This has been used in laparoscopic surgery for breathing
compensation [4] as well as in cardiac surgery [3]. In a
previous paper [8] we have proposed to partly robotize
the movement of the endoscope so as to automatically
follow the motions of the organs of interest. Two DOFs
are automatically controlled which allow the bending section
to compensate the occurring disturbances : A stabilized
endoscopic view of the area to treat can then be given to the
surgeon despite the physiological motion so that the surgeon
can focus on the manipulation of the endoscopic tools.

However, the classical predictive and repetitive controllers
used do not allow to take into account changes of the model
of the system. These changes unfortunately arise when the
surgeon manually moves the body of the endoscope which
results in a bad motion rejection (see figure 6).

B. Overview of the article

In this paper we present a new control law which is able to
give to the surgeon a stabilized endoscopic view despite the
physiological motion of the organ and the manual handled
forward/backward motion of the endoscope. For this purpose,
we use a 2D visual servoing scheme in association with a
predictive controller. To develop a controller valid on a wide
working area, one needs a model of the system between
the velocity reference sent to the velocity controller and
the motion of the image features. This model consists of
the robot Jacobian Jq giving the instantaneous velocity of
the camera frame and of the interaction matrix Ld relating
the camera frame velocity to the target projection velocity.
Ld highly depends on the distance between the target and
the camera frame. We propose a method to estimate the
depth variations using the homography which relates the
planar area of interest between two images. It is then used
to develop an improved algorithm for the position controller.



The article is organized as follows. In section II we
develop the model of the motorized endoscope in order to
obtain Jq. The proposed control algorithm is described in
section III. In section IV, the method for depth estimation
is presented. Simulation and in vitro experiments results are
finally presented and discussed in section V.

II. KINEMATIC MODEL OF THE SYSTEM

Our robotic endoscope prototype is based on a flexible gas-
troscope Karl Storz 13801PKS.The navigation wheels have
been replaced by two hollow shaft rotary motors (Harmonic
Drive FHA-8C) which drive two coaxial shafts coming out
from the handle. Each shaft is connected to one wire loop
in the handle. The motors are controlled using velocity loop
servo controller Harmonic Drive SC-610.

In order to obtain a complete model of the system, we have
developed the kinematic model of the motorized endoscope.
In [9], a high dexterity robotic unit for throat surgery is
presented for which the kinematics of a snake-like unit
is used. The shape of the snake like unit is defined by
three auxiliary backbones. In our application, two pull-wires
running all the way through the endoscope shaft control the
angle of the tip deflection. Theses pull-wires are controlled
by rotary motors mounted on the endoscope handle. The link
between the motors and the wires is ensured by pulleys of
radius Rp. For modeling, we assume that the wires and the
continuum section are inextensible and that the wires are
equally spaced on the bending section circumference (see
figure 3).

A. Forward position kinematics
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Fig. 2. Photo of the bending section of the flexible endoscope

We aim at controlling the pose r of the endoscopic camera.
Hence we are interested in the relationship between the rotary
motors positions q and the homogeneous transformation
Tb→c expressing position tb→c and orientation Rb→c of the
camera frame Fc with respect to a reference frame Fb

attached to the beginning of the bending section (cf Fig 2).
The camera being embedded in a rigid section of length

Lt at the extremity of a bending section of backbone length
Lf , the transformation Tb→c depend on α the orientation of
the bending plane Π with respect to the base frame and β
the bending angle in Π. The rotation matrix Rb→c is defined
by a rotation β around the unit vector u normal to the plan
Π (cf Fig 3(c)) :

Rb→c =
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Fig. 3. (a) 3D bending view, (b) Orthogonal projection in the bending
plane Π and (c) Bottom view

The translation vector tb→c is obtained from the translation
between Fb and Fc expressed in the bending plan frame (cf
Fig 3(b)) : .
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The forward kinematic model is then obtained by expressing
the relation between angles β and α and the actuator posi-
tions q = [q1 q2]

T. At rest (q = [q10 q20]
T), when no efforts

are applied on the wires, the bending part of the endoscope
is straight. The rotation ∆qi = qi−qi0 of the pulley i acts on
the wire i and hence modifies the distribution of the length
along the bending part, so that the length modification is
given by :

∆li = Rp∆qi, ∀i ∈ {1, 2} (3)

The length distribution of the two wires ∆l1 and ∆l2 can be
related to the angles α and β using ∆r1 and ∆r2 as shown
on Fig 3(b) and 3(c) :

Lf + ∆li =
Lf

R
(R + ∆ri) ⇒ ∆li =

Lf

R
∆ri, i ∈ {1, 2}
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β =

2Rp

D

q
∆2

q1 + ∆2
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and
α = atan2(−∆q2,−∆q1) (5)



Finally from equations 1, 2, 4, 5 we get the kinematic
model Tb→c(q1, q2).

B. Forward velocity kinematics
Let Θ = [α, β]T and ∆l = [∆l1,∆l2]T . The camera screw

V = [v, ω]T expressed in Fc is then related to the joint
velocity q̇ by the robot Jacobian Jq :

V = Jq q̇ with Jq =
∂r
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III. CONTROL SCHEME

A. Model of the visual loop
The model of the visual loop is given in Fig 4. The joint

velocity vector q̇∗ will be sent as reference to the built-in
velocity loops of the joints power amplifiers. The bandwidth
of the joints velocity loops being largely higher than the
sampling frequency of the visual loop, the dynamic of the
actuators can be neglected and we have q̇ ∼ q̇∗. The velocity
of the image feature Ḟ is related to the joint velocity q̇ by

Ḟ =
∂F

∂r

∂r

∂q
q̇ = LdJq q̇

where Ld is the interaction matrix of the considered image
feature. For example for a point of position (X, Y )T in the
image plane and of 3D position (x, y, d)T with respect to
the camera frame one has

Ld =
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Fig. 4. Block diagram of the visual servoing loop

The discrete time transfer function between the velocity
reference and the position of the features in the image is
then given by

P (z) =
Y (z)

U(z)
= z−3(1− z−1)Z


J

s2

ff
= J

Ts · z−4

1− z−1

where J = LdJq and Z represents the z-transform. The
delay z−3 in the feedback loop is used to take into account
the image acquisition and processing time.

B. The R-GPC controller
The classical GPC (Generalized Predictive Controller) [7]

is a model predictive controller which computes at each step
the control input to be sent to the system so as to minimize a
cost function on a given time window. Only the first control
input is then actually sent to the system. For this purpose, a
ARIMAX model of the system is used

A(q−1)y(t) = B(q−1)u(t− 1) +
C(q−1)

∆(q−1)
ξ(t)

where q−1 is the backward operator, A and B are two poly-
nomials modeling the system dynamics. For our endoscope

A =

„
1− z−1 0

0 1− z−1

«
and B = TsJiniz

−3, where Jini is the Jacobian matrix at
the reference position.

ξ(t) is a zero-mean white noise colored by polynomial C
and made non-stationary by polynomial ∆. We use the noise
model proposed in [4]

∆(q−1) = 1−Q(q−1, q)q−N

which allows to model periodic disturbances. N is the
number of sampling periods in one period of the disturbance,
and Q(q, q−1) is a zero phase shift unity gain low-pass filter
used for stabilizing purposes [8], and the controller is called
R-GPC.

Classically the cost functions J depend on the predicted
error and on the control energy and have the following form

J (u, t) =

N2X
j=N1

‖ŷ(t+j)−w(t+j)‖2 +λ

NuX
j=1

‖δu (t + j − 1) ‖2

where δu are the control input increments, w(t) is the
reference signal, N1, N2 are the bounds of the prediction
cost horizon and Nu is the length of the control cost horizon,
λ weights the control energy. The prediction of the output
j-time ahead is

ŷ(t + j) = Gj(q
−1)∆u(t + j − 1) + (6)

C(q−1)−1 ˆ
Hj(q

−1)∆u(t− 1) + Fj(q
−1)y(t)

˜
where polynomials Gj , Hj and Fj are the solutions of two

Diophantine equations. The prediction equation (6) can be
expressed under the matrix form Ŷ = G∆U + L for N1 ≤
j ≤ N2 (i.e on the prediction horizon), where L is the free
response obtained from the past output and from the past
control action that we will call Ufree.

C. Model adaptation by controller decoupling and Jacobian
inversion

As shown in [8], the stability and time of convergence
of the output depend on the accuracy of the model with the
actual system. But when the depth changes due to the manual
displacement of the endoscope, the model of the system
can vary importantly and several periods of disturbance
are necessary before a new convergence can be reached
(see Fig 6). For improving the time to convergence and



ensuring the stability of the system even under important
depth modification, it is then necessary to adapt the model
of the system used in the GPC controller.

This is not an easy task since the control action actually
sent to the system by the GPC controller depends on the
control action and error of the past which in turn depend on
the model used in the GPC.

The solution we propose is to actually adapt the model
outside the GPC controller. This is made possible because
the dynamic parts of the system (delay and integrator) are not
dependent on the depth. The only parameter that is changing
with the depth is the Jacobian matrix.

We propose in a first control improvement to decouple the
system by inverting the Jacobian matrix. By this way, we can
then use a unique and constant R-GPC controller that will
handle the process dynamics independently of the varying
gains : one has now

B = Ts

„
1 0
0 1

«
z−3

and the control action obtained with the decoupled R-
GPC controller Ugpc is then multiplied with the Jacobian
inverse J+ before being sent to the system (see Fig 5) :
U(z) = J+Ugpc(z). If the Jacobian can be computed at
each step k, then the velocity reference sent to the system
U(k) = J(k)+Ugpc(k) equals the velocity reference that
would be obtained with the exact model of the system.
As a consequence, after a change of depth, the system
will converge towards zero error after only one period of
disturbance (see Fig 6).

D. Improvement of the transient response by depth adapta-
tion

However, as shown on Fig 6, the transient response to
a depth change with the decoupled R-GPC and Jacobian
inversion is not good.

For explaining this behaviour, let consider that the error in
the image space has been stabilized to zero. Then at step k,
the actual velocity reference sent to the system is identical to
the velocity reference sent at step k−N :Ugpc(k) = Ugpc(k−
N), since the model of disturbance is purely periodic.

If a depth modification arises the equality of control vec-
tors remains during one complete period of the disturbance.
However, the effect of the disturbance in the image plane
is actually modified since, from perspective projection, we
have :

vd(k) =
d(k −N)

d(k)
vd(k −N) (7)

where vd is the apparent velocity of the feature into the
image caused by the disturbance.

Hence, the control action applied to the system after
multiplying with the Jacobian inverse leads to an error in
the image that is only corrected after one period thanks to
the feedback loop. The goal of our control law is to take into
account the depth change to improve the transient response.

For this we look for the actual velocity reference
Ugpc corr(k) which should be sent to the Jacobian inversion
and then to the system so that the effect in the image of the
motion of the endoscope would compensate the effect of the
disturbance, that is :

J(k)J(k)+Ugpc corr(k) = vd(k) =
d(k −N)

d(k)
vd(k −N)

Knowing that J(k−N)J+(k−N)Ugpc(k−N) = vd(k−
N) since the error was null before the depth modification, it
ensues that we must apply

Ugpc corr(k) =
d(k −N)

d(k)
Ugpc(k −N).

In the scope of predictive control with periodic disturbance,
a possible solution to achieve this control is to update at
each sampling period the whole control action history in the
R-GPC with

Ufree corr(k) =
d(k − 1)

d(k)
Ufree(k)

where Ufree corr(k) is the control action history used to
compute the free response in the R-GPC controller at instant
k.

This way, at each instant all the control actions in the
history which are used to compute the free response of the
controller are updated to be in accordance with the effect of
the periodic disturbance at the current depth.

Note that if the depth is not modified then Ufree corr =
Ufree and one get the original GPC behaviour. This method
can hence be used without explicitly knowing or detecting
that a depth modification has occurred.
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IV. VISUAL TRACKING AND DEPTH ESTIMATION

For applying the proposed control scheme, one needs
to estimate the depth modification during the motion of
the endoscope. We propose to do this by using the visual
information given by the endoscopic image.

A. Features extraction
The visual tracking is achieved using the Efficient Second-

Order Minimization (ESM) algorithm proposed by Malis et
al. [5]. This algorithm allows to estimate the homography
between a selected planar reference template and the corre-
sponding area in the current image. The feature extraction
algorithm provides the homography matrix G(k) between the
initial position of the planar template in the image and the
current position. Each point of the template in the image at
step k p(k) (noted in homogeneous coordinates) is related
to its position in the reference image p∗ by the following
relationship : p(k)α G(k)p∗.

Since the considered endoscopic system has only 2 DOFs,
the two coordinates of a visual feature in the image F =
[u, v]T is a sufficient feedback variable to control the system.
The template is initially defined as a rectangle on the area of
interest and the visual feature is the center of the template.



B. Depth change estimation
If the intrinsic parameters of the camera K can be known

([6]), one can obtain the euclidean homography H(k) by

H(k) = K−1G(k)K.

Let medsvd(H) be the median singular value of H , we
call Hnorm(k) = 1

medsvd(H(k))
H(k). Each point m(k) of the

template expressed in metric coordinates (m(k) = K−1p(k))
is then related to its initial position by

d(k)m(k) = Hnorm(k)d∗m∗.

It is then possible to obtain an estimate of the change
of the depth of any point of the template by the following
relationship [11], [12]:dd(k)

d∗
=

m(k)T Hnorm(k)m∗

m(k)T m(k)

The required ratio d(k−1)
d(k) is finally estimated as

̂d(k − 1)

d(k)
=

̂d(k − 1)

d∗

dd∗
d(k)

C. Initial depth estimation
It is thus possible to obtain the depth rate with respect

to any reference image using the homography matrix G.
However one also needs an absolute euclidean value of depth
to initiate the GPC controller. Obtaining the structure from
motion is a classical problem of computer vision [13], but
it is here somewhat complicated because of the periodic
disturbance.

The solution we propose is to use the kinematic model
of the system as developed in section II. The effect of the
disturbance in the image is first learned, while the endo-
scope does not move, by tracking the structure of interest.
Controlled motions of the endoscope are then performed
while tracking the image feature. It is then possible to
separate the effect of the disturbance from the effect of the
motion of the endoscope. Finally the depth which is the only
unknown of the model of the system can be estimated by
a minimization procedure. Practically, one must take into
account imperfections in the system such as backlashes.

V. RESULTS

A. Simulation
A model based on the kinematic model presented in

section II has been build on Matlab/Simulink. The target
is a 3D point moving periodically with period T = 5s. In
these simulations, the depth of the target in the camera
frame is obtained without error. We have simulated and
observed the effect of a depth change from 45mm to 20mm
on the disturbance rejection for the following three control
algorithms .

The first control algorithm is the R-GPC without adapta-
tion as proposed in [8]. The controller is tuned with the initial
open-loop model and it is not updated during the simulation.
The second control algorithm is the decoupled R-GPC with
the resulting control action multiplied by the current Jacobian

inverse J+. The third algorithm is the decoupled R-GPC
with depth adaptation by control history update and with the
resulting control action multiplied by the estimated Jacobian
inverse J+.

Simulation results are presented in Fig 6. In the case of the
unmodified R-GPC, an error appears in the image as soon
as the depth changes and it is poorly attenuated during the
following periods until the depth is set to its initial value.
With the decoupled R-GPC, an important error also appears
at the depth change but the residual motion is perfectly
rejected at the next period since the model of the system
perfectly corresponds to the actual system. The decoupled R-
GPC with depth adaptation shows a better transient response
at the depth changes than the former controllers. The peri-
odical perturbation is rejected what shows the effectiveness
of the depth adaptation in the GPC controller. However an
offset appears in the image which is compensated at the next
period. This offset arises from a parallax effect which in turns
has two origins :
• If the motion of the endoscope is not along the optical

axis, the average position of the image of the point
translates into the image when the depth changes.

• The point is not necessarily stabilized in the center
of the image. The depth modification also creates a
movement of the image of the point even for a motion
of the endoscope along the optical axis.

The effect of the parallax cannot be compensated by a
modification of the amplitude of the control actions as
realized by the depth adaptation.

Fig. 6. Simulation results for the three control algorithms. Top : x axis of
the image, bottom : depth of the target in the camera frame. The controllers
are activated at t = 5s, the depth is modified at t= 20s and then brought
back to its initial value at t= 40s

B. Laboratory Test Bed

We have developed a test bed to validate the control
strategy in our laboratory. A model of the abdominal cavity
organs is fixed to a motorized device which creates a periodic
displacement of the target with period T = 5s in front of the
motorized endoscope. The initial depth has been manually
set to 45 mm. After the initial rejection of the periodic
disturbance, the target is brought closer to the endoscope
at approximately 20 mm, then the target is brought back to
the initial depth.



Fig 7(a), (b) and (c) show respectively the behaviour of
the three controllers (R-GPC tuned for the initial depth,
decoupled R-GPC with the Jacobian inverse, decoupled R-
GPC with the Jacobian inverse and with control history
update). Image tracking is realized as described in section
IV.

The effect of depth modification is very close to the
effect obtained in simulation. It creates oscillations with the
classical GPC. These are much more attenuated with the
model update, while the depth adaptation highly reduces the
residual error in the image. The effect of parallax also results
in an offset which is then attenuated over time. However it is
not directly compensated because of the errors on the model
(mainly backlashes).

These results show very clearly that updating the model
of the system and adapting the depth in the control history
of the GPC are valid approaches to simultaneously reject
periodic disturbances while manually modifying the position
of the endoscope. Real-time image processing also allows to
obtain depth information with sufficient accuracy.

(a)

(b)

(c)

Fig. 7. (a) Laboratory test bed experiment with the unmodified R-GPC.
The controller is activated at t = 10s. (b) With the decoupled R-GPC with
the Jacobian inverse. The controller is activated at t = 13s. (c) With the
decoupled R-GPC with the Jacobian inverse and with control history update.
The controller is activated at t = 10s

VI. CONCLUSION
We have shown in this article that it is possible to improve

repetitive control algorithms to simultaneously reject peri-
odic disturbances while manually moving a medical flexible
endoscope.

Our approach based on GPC decoupling and depth adap-
tation has proven useful for highly reducing residual errors
when modifying the distance between the endoscopic camera
and a structure of interest. Our system does not use any
external sensor and is only based on image processing,
encoder measurement and a complete model of the system.

Methods are currently under development to correct paral-
lax effects and improve the behaviour of the system by back-
lash compensation. However, the results are very promising
and the system should be shortly tested in vivo on a pig.

The final objective is to develop an hybrid manual /
automatic control of the endoscope for NOTES .
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