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Abstract— In this paper, we address the problem of the
total visual features loss during visual servoing. We present
a new method allowing to reconstruct these features even if the
image is completely unavailable. The proposed method has been
developed for a 6 degree-of-freedom (DOF) calibrated camera
and a static landmark of interest which can be characterized
by point features. It relies on a predictor/corrector pair coupled
with a depth estimation algorithm. Numerous simulation results
are provided and show the relevance of the proposed approach.

I. INTRODUCTION

In the past decades, many works have addressed the
problem of using informations provided by a vision system
to control a robot. Such techniques are commonly known as
visual servoing [1]. Visual servoing is roughly classified into
two main categories: Image Based Visual Servoing (IBVS)
and Position Based Visual Servoing (PBVS). In the first
approach, the visual features extracted from the image (e.g.
points, lines and moments [2]) are directly used in the control
loop, whereas in the second one they are used to compute
the robot state. Therefore, for both approaches, the visual
features are mandatory to calculate the control inputs. In this
paper, we focus on IBVS, although the proposed methods can
be applied to PBVS.

Several phenomenons can lead to the lack of visual fea-
tures: camera temporary breakdown, image processing errors,
or even occlusions of the landmarks by a piece of the robot
or an environment obstacle. To guarantee the success of a
visual servoing task, it is then necessary to develop a method
managing the loss of the visual signal.

Since few years, the visual signal loss problem has been
addressed in several works and various approaches related to
different scientific domains (control theory, vision, planning)
have been proposed. A brief overview is presented hereafter.
In [3] and [4] authors propose some control techniques
allowing to deal with the partial loss of the visual features. In
[5], [6], [7] and [8] solutions based on tracking treat the prob-
lem of total occlusions of the landmark by using measures
in the current image. Another approach based on planning
techniques [9] and [10] proposes to compute a path free
of occlusions by using a metric model of the environment.
Finally, it is possible to compute the visual features knowing
the landmark dimensions and the robot pose with respect to
this latter. However, none of these methods allow to deal
with all the phenomenons leading to the visual features loss
(camera breakdown, occlusions, ...) and especially when the
image is no longer available. To be able to deal with the

1CNRS, LAAS, 7 avenue du colonel Roche, F-31400 Toullouse, France
2Univ de Toulouse, UPS, LAAS, F-31400, Toulouse, France
[adurandp,sdurola,cadenat,courdess]@laas.fr

most general cases, it is mandatory to develop a method
which can be used without any current image. Moreover, to
improve the robot autonomy, the method should not require
any knowledge about the landmark dimensions and the robot
pose in the scene or with respect to the landmark. Such a
method has been presented in [11] for a static landmark,
point visual features and a 3 DOF calibrated camera. It is
based on a prediction of the next visual features knowing the
previous ones, the associated depths and the camera motion.
This method has to be completed with an estimator of the
visual features depth.

The visual features depth problem has already been ad-
dressed in many works but, to the best of authors’ knowledge,
none of them is suitable to manage a visual signal loss
during a visual servoing. Indeed, in this particular case a
correct visual feature depth estimation has to be available
as soon as possible to handle occlusions the best way. It
will be also necessary to compute it sufficiently rapidly with
respect to the control law sampling period, in order to insure
a nice behavior of the feedback. A brief overview of some
interesting works is presented herebelow. In [12], the authors
derive and compare several algorithms based on a Kalman
filter. A correct depth value can be obtained only if the
camera motion respects some very particular constraints. It
would also be possible to use vision methods as the epipolar
geometry [13] [14], stereovision [15], or even structure from
motion techniques [16]. Although the previous methods are
used in real time in the vision community, a worthwhile
solution consists in using a technique which is consistent
with the control law sampling time. De Luca et al. propose
such a method which uses a nonlinear observer to estimate
the depth [17]. A similar approach, relying on a minimal
nonlinear observer, is proposed in [18]. In [19], a method
based on the visual features prediction equations for a 3 DOF
camera and a predictor/corrector pair has been developed.
These techniques have been analyzed and compared in [20]
and the results have shown that the two first methods are
quite difficult to tune whereas the last one is suitable with
the visual servoing context.

In this paper, we propose to extend the previously obtained
results concerning the visual features prediction [11] and the
associated depth [19] to a 6 DOF calibrated camera. The
paper is organized as follows. In the sequel, we introduce the
system model before presenting the method allowing to com-
pute the current visual features using the previous ones and
the associated depth. Next, we describe a predictor/corrector
pair estimating the visual features depth. Finally, we present
a set of simulations concerning the visual features depth
reconstruction and the visual signal loss management.
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II. PRELIMINARIES

In this section, we first address modeling aspects and we
present the calibrated pinhole camera, the camera state vector
and the camera control inputs. We end this section recalling
the basic principles of IBVS.

A. The camera pinhole model

The pinhole camera model consists of an image plane I
attached to an orthonormal frame FC(C, ~xC , ~yC , ~zC). The
image plane I is parallel to the (~xC , ~yC) plane and the
distance between those two planes along ~zC is known as
the focal length f (see Fig. 1). Its value is provided by a
preliminary calibration step.

Fig. 1: The camera pinhole model

First of all, let us state the problem. To do so, we
propose to define the camera state in the world frame
FO(O,~xO, ~yO, ~zO). The position of FC will be represented
by the cartesian coordinates xC , yC , zC of point C in FO.
As for the frame orientation, different choices are possible:
Euler’s angles, quaternions, Bryant’s angles, ... In this paper,
we have chosen to express the orientation using the Euler’s
angles. However the work presented thereafter is independent
of this choice. The same methodology can be applied using
another type of orientation representation.

Using the Euler’s angles the orientation of the frame FC
with respect to the frame FO is defined by three angles: ψ
around ~zC , θ around ~xψ , and ϕ around ~zθ (see Fig. 2).
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Fig. 2: Euler angles. Fψ(~xψ, ~yψ, ~zψ) is obtained after rotat-
ing FO of ψ around ~zO. Fθ results of a rotation θ
of Fψ around ~xψ . Fϕ is obtained after rotating of ϕ
around ~zθ. Finally, FC = Fϕ.

Finally, we obtain the state vector χ =
[xC , yC , zC , ψ, θ, ϕ]T , which allows to determine the
camera pose in the world frame FO.

To control the camera, we use an IBVS. This method
allows to compute a kinematic screw TFC

C/FO
calculated at

point C with respect to FO and expressed in FC . This

kinematic screw controls the six degrees of freedom of the
camera to successfully realize the task. It can be decomposed
as follows:

TFC

C/FO
=
[
V FC

~xC
V FC

~yC
V FC

~zC
ΩFC

~xC
ΩFC

~yC
ΩFC

~zC

]T
(1)

where V FC

~xC
, V FC

~yC
and V FC

~zC
are respectively the linear

velocities with respect to ~xC , ~yC and ~zC expressed in
FC . Following the same idea, ΩFC

~xC
, ΩFC

~yC
and ΩFC

~zC
are

respectively the angular velocities with respect to ~xC , ~yC
and ~zC expressed in FC .

Remark: Expressing the kinematic screw in FO, it can be
shown that the state variation χ̇ is given by:

χ̇ =



V FO

~xC

V FO

~yC

V FO

~zC

ΩFO

~zC
− ϕ̇ cos(θ)

ΩFO

~xC
cos(ψ) + ΩFO

~yC
sin(ψ)(

ΩFO

~xC
sin(ψ)− ΩFO

~yC
cos(ψ)

)
/ sin(θ)


(2)

By integrating (2), it is possible to calculate the state
evolution depending on the applied kinematic screw.

B. Image based visual servoing

Image based visual servoing consists in controlling the
camera using visual features as feedback data. The following
error is generally defined [1] by evs = s−s∗ where s and s∗

are vectors consisting respectively of the current and desired
visual features. The choice of the quantity and the nature of
visual features determines the type of task that is performed
(see for example [2]). In this work, we consider a static
landmark described by a set of points and a constant s∗.
For this particular case, to make evs vanish the following
classical controller is designed:

TFC

C/FO
= −L+λvs(s− s∗) (3)

where L+ is the pseudo-inverse of the interaction matrix L
[1] related to s and λvs a positive scalar or a definite positive
matrix which imposes the exponential decrease [1]. Equation
(3) clearly shows that visual features s must be available at
each instant to perform an image based visual servoing. If
they become unavailable due to a landmark occlusion for
example, the task fails. For this reason, it is mandatory to
consider the visual signal loss issue.

III. VISUAL SIGNAL LOSS MANAGEMENT

Now we focus on our visual signal loss management
method. In this paper, we extend the works presented in
[11] and [19] which allow to deal with this problem for a 3
DOF calibrated camera. In these works, we have proposed
the following algorithm which has two running modes,
depending on the visual features availability [19]:

- If the image can be provided by the camera, we first
extract the current visual features sk. Then, once a sufficient
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number of images npc is available, a depth estimation process
is launched. It allows to compute the depth dk associated
to sk from the visual features sk−npc→k obtained with the
last npc images. Thus, the data collected when the image is
available are used to estimate the depth dk.

- If the image is no more available, a visual features
reconstruction process is launched. It allows to predict the
current visual features sk and their associated depth dk using
the previous data sk−1 and dk−1. It is then possible to get a
value for the visual features despite a total loss of the image.

A sketch of this algorithm is presented herebelow.

Algorithm 1 Visual Signal Loss Management

1: k = 0
2: npc > 0
3: while VisualServoing do
4: if ImageAvailable then
5: sk = ImageProcessing(imk)
6: if k − npc ≥ 0 then
7: dk = DepthEstimation(sk−npc→k)
8: else
9: dk = NaN

10: end if
11: else if k > 0 then
12: sk = FeaturesPrediction(sk−1, dk−1)
13: dk = DepthPrediction(dk−1)
14: end if
15: k = k + 1
16: end while

In [11] and [19], the two above mentioned processes were
restricted to the case of a 3 DOF camera. Here, we extend
the methods used in the processes to the most general case
of a 6 DOF camera. We present in the following subsections
the two corresponding methods.

A. Visual features prediction

To build the predictor, we have first defined two homoge-
neous transformation matrices. The first one links the camera
frame to the image plane, and the second one the two camera
frames at two separate instants.

Concerning the first matrix, the coordinates (X,Y ) of
a point P on the image plane I , which correspond to
the projection of a point p with coordinates (x, y, z) in
the camera frame FC , are obtained using the perspective
projection equations for a pinhole camera (see Fig. 1).
Defining the homogeneous coordinates p = (x, y, z, 1)T and
P = (X,Y, z, 1)T , it is possible to define the homogeneous
transformation matrix HI/C between the frame FC and the
image plane I as follows:


X(t)
Y (t)
z(t)

1

 = HI/C(t)×p =


f
z(t) 0 0 0

0 f
z(t) 0 0

0 0 1 0
0 0 0 1



x(t)
y(t)
z(t)

1


(4)

Now we focus on the homogeneous transformation matrix
between two camera states at instants t1 and t2. To this aim,
we first compute the homogeneous transformation matrix
HO/C(t) between the camera frame FC at instant t and the
world frame FO as follows1:

HO/C(t) =


H11
O/C(t) H12

O/C(t) H13
O/C(t) xC(t)

H21
O/C(t) H22

O/C(t) H23
O/C(t) yC(t)

H31
O/C(t) H32

O/C(t) H33
O/C(t) zC(t)

0 0 0 1


(5)

with

H11
O/C

(t) = cos(ψ(t)) cos(ϕ(t))− sin(ψ(t)) cos(θ(t)) sin(ϕ(t))

H12
O/C

(t) = − cos(ψ(t)) sin(ϕ(t))− sin(ψ(t)) cos(θ(t)) cos(ϕ(t))

H13
O/C

(t) = sin(ψ(t)) sin(θ(t))

H21
O/C

(t) = sin(ψ(t)) cos(ϕ(t)) + cos(ψ(t)) cos(θ(t)) sin(ϕ(t))

H22
O/C

(t) = − sin(ψ(t)) sin(ϕ(t)) + cos(ψ(t)) cos(θ(t)) cos(ϕ(t))

H23
O/C

(t) = − cos(ψ(t)) sin(θ(t))

H31
O/C

(t) = sin(θ(t)) sin(ϕ(t))

H32
O/C

(t) = sin(θ(t)) cos(ϕ(t))

H33
O/C

(t) = cos(θ(t))

Using (5), we can compute HC(t1)/C(t2):

HC(t1)/C(t2) = H−1O/C(t1)
×HO/C(t2) (6)

The tools to build the image predictor are now available.
Using (4) and (6) we obtain the following prediction of P (t2)
knowing P (t1):

P (t2) = HI/C(t2)H
−1
C(t1)/C(t2)

H−1I/C(t1)
P (t1) (7)

Defining Hij the element in the ith row and
jth column of HC(t1)/C(t2) and recalling that
P (t1) = (X(t1), Y (t1), z(t1), 1)T and P (t2) =
(X(t2), Y (t2), z(t2), 1)T , this equation can be rewritten as:

X(t2) =
z(t1)

z(t2)

[
H11X(t1) +H21Y (t1) +H31f +

fT1
z(t1)

]
(8)

Y (t2) =
z(t1)

z(t2)

[
H12X(t1) +H22Y (t1) +H32f +

fT2
z(t1)

]
(9)

z(t2) = z(t1)

[
H13X(t1)

f
+H23Y (t1)

f
+H33

]
+T3 (10)

where

T1 = −H11H14 −H21H24 −H31H34

T2 = −H12H14 −H22H24 −H32H34

T3 = −H13H14 −H23H24 −H33H34

In order to use (8) and (9) as image predictors, we need
to provide X(t1), Y (t1) and z(t1). The two first ones can

1This matrix is valid only for a state vector using the Euler’s angles.
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be obtained from the last image before the occlusion. The
depth2 z(t1) has to be estimated using the available images
set. To do so, we have developed a predictor/corrector pair
which is described hereafter.

B. Visual features depth estimation

To estimate the visual features depth, we propose to build
a predictor/corrector based on a number npc3 of visual data
X(tj) and Y (tj), with tj = t− jTe, j ∈ [1, ..., npc] and Te
the sampling rate of the visual servoing. Using this notation,
equations (8), (9) and (10) can be rewritten as follows:

X(t) =
z(tj)

z(t)

[
H11X(tj) +H21Y (tj) +H31f +

fT1
z(tj)

]
(11)

Y (t) =
z(tj)

z(t)

[
H12X(tj) +H22Y (tj) +H32f +

fT2
z(tj)

]
(12)

z(t) = z(tj)

[
H13X(tj)

f
+H23Y (tj)

f
+H33

]
+ T3 (13)

where Hij is the element in the ith row and jth column
of HC(tj)/C(t). As our goal is to estimate z(t), we have to
make (11) and (12) independent of z(tj). To this aim, we
first rewrite (13) as follows:

z(tj) =
z(t)− T3

α1
(14)

with

α1 = H13X(tj)

f
+H23Y (tj)

f
+H33

Using (14), and rewriting (11) and (12) leads to:

X(t) = α2
z(t)− T3
α1z(t)

+
f

z(t)
T1 (15)

Y (t) = α3
z(t)− T3
α1z(t)

+
f

z(t)
T2 (16)

with

α2 = H11X(tj) +H21Y (tj) +H31f

and

α3 = H12X(tj) +H22Y (tj) +H32f

We can now consider (15) and (16) as the predictors
X̂(t|tj) and Ŷ (t|tj) which depend on ẑ(t|tj):

X̂(t|tj) = α2
ẑ(t|tj)− T3
α1ẑ(t|tj)

+
f

ẑ(t|tj)
T1 (17)

2Usually z(t1) is called depth by misuse of language. However it
corresponds to the z-coordinate of the point, which is not the real depth.

3Note that npc images are used to improve the depth estimation even in
presence of a small signal/noise ratio. This problem is presented in [19].

Ŷ (t|tj) = α3
ẑ(t|tj)− T3
α1ẑ(t|tj)

+
f

ẑ(t|tj)
T2 (18)

The predictors are computed and the correction step
can now be performed. To do so we propose to define
the criterion (19) which expresses the difference between
the predicted visual features, X̂(t|tj) and Ŷ (t|tj), and the
measured ones, X̃(t) and Ỹ (t).

C =

npc∑
j=1

(
X̂(t|tj)− X̃(t)

)2
+
(
Ŷ (t|tj)− Ỹ (t)

)2
(19)

To estimate the depth, we minimize criterion (19) with
respect to ẑ(t|tj). Differentiating C with respect to ẑ(t|tj)
leads to:

∂C
∂ẑ(t|tj) =

∑npc

j=1

{
2
(
X̂(t|tj)− X̃(t)

)
∂X̂(t|tj)
∂ẑ(t|tj)

+ 2
(
Ŷ (t|tj)− Ỹ (t)

)
∂Ŷ (t|tj)
∂ẑ(t|tj)

} (20)

where

∂X̂(t|tj)
∂ẑ(t|tj)

=
α2T3

α1ẑ(t|tj)2
− fT1
ẑ(t|tj)2

(21)

∂Ŷ (t|tj)
∂ẑ(t|tj)

=
α3T3

α1ẑ(t|tj)2
− fT2
ẑ(t|tj)2

(22)

By replacing (17), (18), (21) and (22) in (20), we obtain:

∂C
∂ẑ(t|tj) =

∑npc

j=1

[
α2(ẑ(t|tj)−T3)
α1ẑ(t|tj) + fT1

ẑ(t|tj) − X̃(t)
]

×
[

α2T3

α1ẑ(t|tj)2 −
fT1

ẑ(t|tj)2

]
+

[
α3(ẑ(t|tj)−T3)
α1ẑ(t|tj) + fT2

ẑ(t|tj) − Ỹ (t)
]

×
[

α3T3

α1ẑ(t|tj)2 −
fT2

ẑ(t|tj)2

]
= 0

(23)
Finally, thanks to (23), we obtain an estimator of the depth

using npc images:

ẑ(t|t) =
−
∑npc

j=1Numj∑npc

j=1Denj
(24)

with

Numj = α2T3

(
−α2T3

α1
+ 2fT1

)
− α1f

2T 2
1

+ α3T3

(
−α3T3

α1
+ 2fT2

)
− α1f

2T 2
2

and

Denj = α2

(
α2T3

α1
− fT1 − T3X̃(t)

)
+ α1fT1X̃(t)

+ α3

(
α2T3

α1
− fT2 − T3Ỹ (t)

)
+ α1fT2Ỹ (t)
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Thus, using estimator (24), we can provide an initial depth
value for the visual data predictor. We then can manage a
visual signal loss by estimating the visual data thanks to the
developed tools.

IV. SIMULATIONS

To illustrate the efficiency of our approach, we have simu-
lated several depth estimations and visual signal losses man-
agement using MatlabTMsoftware. For all the simulations, the
camera is controlled thanks to an IBVS using the projection
on the image plane of four points as visual features. The
camera has to reach the state χ = [2, 0, 0, π2 ,

π
2 ,

π
2 ]T (the

green camera) from χ = [0, 1, 1, π4 ,
π
2 ,

π
4 ]T (the red camera)

as shown in figure 3. The corresponding evolution of the
visual features is given on the figure 4(a) when the data are
noise-free. The red and green crosses respectively represent
the initial and desired visual features. In figure 4(b), the
real and estimated depths of one visual feature is presented.
Without any perturbation during the acquisition process, the
depth is immediately and perfectly estimated.

0 0.5 1 1.5 2 2.5 3

−0.5

0

0.5

1

1.5

−0.5

0

0.5

1

1.5

m

m

m

Fig. 3: Camera trajectory during the IBVS

In a second step, we have evaluated our methods in
a noisy context. We have studied six cases. In the first
three ones, a 5% odometry error and a 2 pixels random
noise are introduced. Cases #1, #2, #3 respectively use
npc = 10, npc = 25 and npc = 50 images. For the last
three ones, the errors are 10% and 5 pixels. Cases #4, #5,
#6 respectively use npc = 10, npc = 25 and npc = 50
images. For this simulation, the IBVS has been performed
100 times to obtain significant data sets. Figures 4(c) and 4(d)
respectively represent the realizations mean and the variance.
For all cases, our estimator converges towards the real depth
value which shows the efficiency of our approach even in
an unfavorable context. However, for a too small value of
npc, the estimator is less efficient at the end of the IBVS,
because of a too small signal/noise ratio. Indeed, in this
particular case, due to the imposed exponential decrease, the
control inputs nearly vanish inducing small displacements of
the camera. The visual data are then too similar to provide
a suitable depth estimation. This problem is overcome by
choosing a large value for npc. Generally, the value of
npc depends on the signal/noise ratio. This latter could be
increased by using a larger value of the sampling time or by
performing larger displacements between two images.

We have also analyzed the effect of coarse calibration by
introducing successively an error of 2%, 5% and 10% on the
focal value. The other data are perfectly acquired. As we can
see in figure 4(e), the convergence rate is greater than in the
previous case. However, the estimator converges towards the
depth real value with negligible bias.
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(a) Visual features evolution
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(b) Depth estimation without noise.
Black line is the real depth and
dotted red line is the estimated
one.
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(c) Realizations mean with noises.
Yellow #1, Red #2 , Cyan #3,
Green #4, Blue #5, Magenta #6.
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(d) Variance with noises. Yellow #1,
Red #2 , Cyan #3, Green #4,
Blue #5, Magenta #6.
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(e) Depth estimation with an error
on focal. Red: 2%, Blue: 5%,
Green: 10%

Fig. 4: Depth estimation

Finally, we have simulated visual signal losses during
an IBVS in a noisy context (2 pixels and 5% error are
respectively introduced on the visual data and odometry).
Two cases have been considered: in the first one only a 1.5s
signal loss occurs while in the second one two 1s occlusions
have been generated. We have obtained the results presented
on figure 5. In both cases, the depth is well estimated either
by the predictor/corrector pair (24) or the predictor (10).
Thanks to these suitable depth estimations, the visual signal
losses are perfectly managed. Indeed figures 5(b) and 5(d)
show the efficiency of the reconstruction. Thanks to these
methods, our vision based control law can still be applied to
the robot even when the image is no more available.

Remark: As shown in figures 5(a) and 5(c), the estimated
depth value at the beginning of the IBVS, is not suitable
to predict the visual features. To overcome this problem, an
initialization phase can be realized as in [21].

2309



0 5 10 15 20
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

N
o
 i
m

a
g
e

Time (s)

D
e
p
th

 (
m

)
PCPC P

(a) Depth estimation with one oc-
clusion. Black: real depth, Red:
estimated depth. PC: predic-
tor/corrector, P: predictor
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(b) Features evolutions with one oc-
clusion. Black: measured fea-
tures, Red: estimated features
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(c) Depth estimation with two oc-
clusions. Black: real depth, Red:
estimated depth. PC: predic-
tor/corrector, P: predictor
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(d) Features evolutions with two oc-
clusions. Black: measured fea-
tures, Red: estimated features

Fig. 5: IBVS with visual signal loss management

V. CONCLUSION

In this paper, we have dealt with the image features
total loss during visual servoing. We have presented a novel
approach which allows to reconstruct these features and to
extend the results presented in [11] and [19]. The method
addresses the case of a 6 DOF calibrated camera and of a
static landmark characterized by point features. It is based
on a predictor/corrector pair coupled with a depth estimation
algorithm. The obtained simulation results have shown the
proposed method efficiency. Thanks to this approach, it be-
comes possible to keep on controlling the robot and execut-
ing the task, even if the image is not provided. It then offers a
general answer to all phenomenons leading to visual features
loss (camera breakdown, image processing failure, landmark
occlusion, etc.), increasing the robot autonomy and the range
of realizable tasks. Furthermore, if this approach has been
described in conjunction with an IBVS control scheme, it can
be used with any kind of vision-based controllers and in other
related applications. For example, it could be possible to
benefit from this method to automatically build the reference
visual features s∗, as it has already been done in [21] for
a 3 DOF camera. It could also be interesting to use the
estimated visual features to feed the control law with a
higher sampling period. Another relevant application would
be to exploit our reconstruction algorithm in the predictive
control domain [22]. In addition to these first prospects, we
plan to experiment the proposed approach on different robots
from our laboratory. We also believe that refining the focal
value by coupling our approach with the non-linear observer
proposed in [17] could help improving the accuracy of the
results. Finally, an extension of this method to a dynamic

environment will be studied in the longer term.
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