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Abstract

Objects manipulation by a robotic arm inserted in mobile platforms, in unstructured environments,
such as domestic environments, is a particularly challenging subject. Currently, the approach is to
divide this question in two parts. The first one consists in implementing a plan trajectory to reach the
object, avoiding any collision between the robot and other objects. The second one, is executing the
defined trajectory in the environment. However, modification of the target position or obstacles may
invalidate the planed trajectory. Thus, developing a closed loop control method, with constant feedback
from the environment, to detect the targeted object, and potential obstacles, is essential. To this aim,
the dynamic and non structured environment is perceived through vision sensing. We actuate in both
joint space of the arm, and in the velocities of the mobile platform. We intend to extend the actual
known real time navigation methods, applied to moving robots, to control the arm, attached to the
mobile platform, to manipulate static objects, using vision.
Keywords: object manipulation, robotic arm, visual servoing, mobile manipulator.

1. Introduction

Initially, in object manipulation, the main goal of
a robotic arm was to be used in industry, e.g. the
automated robotic arms in assembly lines. How-
ever, recently, technological advances motivated by
the man’s desire to improve his daily life, had been
increasing the need to adapt robotic arm object ma-
nipulation to domestic environment [1].

Assisting technology appears as an innovative so-
lution. These recent technologies are defined as a
set of tools capable of accomplishing tasks in do-
mestic environments [2]. Many applications can be
associated to it, going from treatment and rehabil-
itation of debilitated people using long-term assis-
tance devices, to companionship to alleviate feel-
ings of loneliness [2]. In these cases, object manip-
ulation is fundamental, and has to be well studied
in order to be reliable. Hereupon, these devices
should comply with certain requirements and its
functionality must to be tested. In this perspective,
several bench-marking competitions, like RockIn or
RoboCup, have been created in order to assess spe-
cific features of the presented systems, and, in that
way, to push technology further [3]. One of the
biggest, in terms of participants and topics taken
into account, is RoboCup@Home. The main goal
is to keep up with domestic services progresses, in
versatile robots, that can operate safely in all situ-
ations, found in a daily routine. Object recognition
and object manipulation are the field with lower

performance on competitions.

This work will be focusing on the control of a
mobile arm, using visual information, just after
the recognition of an object as a target and just
before the arm grabs it. The main challenge is
to extend techniques used to manipulate objects,
with fixed robotic arms, to an arm inserted on a
moving platform, as it is the case for the MBot
robot, in the 8th floor laboratory, North tower-
Campus Alameda. Specially, we will be focusing
on techniques to control the pose of the robot’s end-
effector, using visual information extracted from the
image. The end-effector will have a camera to tar-
get the object. The goal is for the robot to reach
the targeted object through the combined control
between the moving platform velocities, and the
arm joints velocities. A simulator is implemented
to test the solution and provide us with the robot
trajectory, the position of the object represented
by points in the world, and the projection of these
points in the image. We can also analyse other rele-
vant information such as velocities and features er-
rors.
This document presents the theory behind the tech-
nique used, the research done to propose a suitable
solution to our control problem, the implementation
of the simulator with respective results and discus-
sion.
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2. Brief History of techniques

In 1979, Hill and Parks denoted a technique that
uses visual information in the feedback control
(mainly applied to robotic manipulators) as Visual
Servoing (VS) [4].

In the field of image processing, one of the
first applications (related to VS) was an automatic
rocket tracking pan/tilt camera, i.e. a camera that
was capable of remote directional and zoom control,
able to keep the target in the centre of the image
plane [5].

In the control field, in 1985, Weiss [6] discussed
the idea of applying adaptive control to manipu-
lators of 3-DOF. This technique established a re-
lationship between robot pose and image features,
in the Image-Based-Visual-Servoing (IBVS), when
variations were not linear in time. However, prob-
lems of stability, accuracy, and tracking speed of
manipulators delayed the progressions in the field.
To solve these problems, Coulon and Nougaret [7]
worked on a digital video processing system, using a
TV camera (vidicon sensor), to find the location of
the target in a processing window. This improve-
ment also served to control the position of a XY
mechanism, with a closed-loop controller.

Regarding objects manipulation, some significant
progresses were also made. A 2-DOF manipula-
tor was controlled using VS to complete the task
of fruit picking [8]. In addition, ultrasonic sensors
were used just before the robot reached the fruit.
Thanks to the data provided by these sensors, vi-
sual information was extended, and distances dur-
ing the final phase of the grasping were estimated
[4]. For the task of part mating, a method of assem-
bling of two or more component parts with mutu-
ally complementing shapes, a 2-DOF manipulator
was also used. However, this time, a Jacobian ap-
proximation related the image-planed corrections to
robot joint-spaced actions [9]. As the sample rate
increased, the dynamic effects expanded when an
eye-in-hand configuration was used. To tackle this
problem, a closed loop control was used with an
image-based control scheme, independent for each
DOF [10].

Finally, regarding IBVS, Feddema used an ex-
plicit feature-space trajectory generator and closed-
loop joint control [11]. This approach was gener-
alised, in 1991, and the trajectory became indepen-
dent of target geometry [12]. 3-D tracking of static
and moving objects with adaptive control was used
to estimate the target distance [13]. During the
same year, in a telerobotic environment (an envi-
ronment where semi-autonomous robots were con-
trolled from a distance) Humans could selected vi-
sual features as references for the task [14, 15].

3. Background
This section presents the theoretical fundamen-
tals of VS, applied to object manipulation using
a robotic arm, and more specifically, IBVS. We
present the image formation, we explain the theory
behind robotic manipulation and moving platforms.

3.1. Visual Servoing
Chaumette defines VS as the control of a dynamic
robotic system motion, using computer vision data
for the input of the real-time closed-loop control
schemes [16][17]. The main steps of the control
scheme boil down to: 1) extract useful visual in-
formation to compute features; and 2) use them as
inputs in the control loop (knowing that, the error
between the current visual features and the desired
value of those features is computed); and 3) the out-
puts (e.g. robot velocities), are calculated to reduce
the error. Based on this explanation, and on [16]
equations, a generalised mathematical definition of
the error is given by:

e(t) = s(m(t), p)− d. (1)

In which s is a vector describing the set of visual fea-
tures. Vector d is composed by the desired values of
the features. Since we consider a static target, the
desired features are constants. On the other hand,
s only varies with the camera motion. To obtain
the outputs, taking the example above, a velocity
controller can be design. For that, Chaumette, in
[16], relates the time variation of s with the cam-
era spacial velocity, vc. So, the variation of s (ṡ)
depends on the velocity of the camera frame vc:

ṡ = Lxvc, (2)

where vc = (vc, ωc) with vc describing the instanta-
neous linear velocity and ωc the instantaneous an-
gular velocity, both relative to the origin camera
frame. Lx is a k (number of visual features) by N
(number of robot DOF) iteration matrix, also called
features Jacobian in literature. So, when the cam-
era moves in space, the error changes and we can
obtain the error variation by:

ė(t) = Levc. (3)

Considering Le the interaction matrix for the error,
the goal is to reduce the error introducing an expo-
nential decay. From (3), the control law becomes:

vc = −λL+
e e. (4)

Where L+
e is Moore-Penrose pseudo-inverse matrix

defined as:
L+
e = (LTe Le)

−1LTe , (5)

when LTe Le is of full rank. Both Le or L+
e are hard

to be exactly extracted in real VS systems. Con-
sequently, they have to be estimated as L̂e, in the
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control law. The pseudo-inverse of the interaction
matrix can be estimated using different techniques.
We choose IBVS technique, in which m(t) is a 2-D
set of data immediately available in the image [16]
to execute control the control in the image plane.

3.2. IBVS
Typically, IBVS use image measurements m(t)
(pixel coordinates, lines, moments of region, for ex-
ample) converted to features using camera intrinsic
parameters p. The error signal is measured directly
from the image. The control law is based on the
computed error between the set of current visual
features and the desired value given by ṡ. The in-
teraction matrix relates a 2-D point projected in
the image from a 3-D point in the camera frame, by
the depth of the point in the camera frame. In that
way, no estimation of the targeted pose is needed
[18] [17]. In IBVS systems, as it can be seen in

Figure 1: Simplified IBVS diagram

Fig. 1, there is no direct control over the Cartesian
velocities of the robot. Consequently, a map be-
tween image space velocities and velocities in the
robots workspace is needed. This mapping is done
by the interaction matrix.

The authors of [16] construct the interaction ma-
trix from a 3-D point coordinates (X,Y, Z). Af-
ter projecting the 3-D points to the image space,
imaging geometry is used to relate the velocity of
the projected point, to the camera spacial veloc-
ity. The interaction matrix Lx, related to an image
point with coordinates (x, y), is obtained in (6), in
which the depth Z appears in the coefficients of the
interaction matrix, related to the translational mo-
tions.

Lx =

[
− 1
Z 0 x

Z xy −(1 + x2) y
0 − 1

Z
y
Z (1 + y2) −xy −x

]
.

(6)
This matrix has to be estimated when used in

the control law, and the quantity of points chosen
has to be enough to avoid singular configurations
and local minima. That is to say, for a 6-DOF ma-
nipulator, there have to be at least 3 points so the
interaction matrix has, at least, as many columns as

the manipulator DOF. A study of several methods
to approximate the interaction matrix, in IBVS, is
presented in [17]. We apply the classical method to
estimate the current depth Z of each point, at each
iteration of the control scheme, using for example
stereo vision. The interaction matrix is as:

L̂+
e = L+

e . (7)

A correct estimation of the interaction matrix in
IBVS is important to provide stability to the control
system, and avoid perturbations, when the robotic
system reaches the desired pose.

3.3. Image formation
We describe the image acquisition process, using
perspective camera model. Given a 3-D scene in the
world, cameras project one (or more) 3-D point(s)
onto the 2-D image plane through a 3-D perspec-
tive projection. Image formation is approximated
with a simple pinhole camera model. X is the
world point, represented by the homogeneous 4-
vector (X,Y, Z, 1)T and, defined in the coordinate
system of the camera, is mapped on the image, di-
viding the coordinates X and Y by the point depth
Z, and multiplying by the focal length f [19]. Using
homogeneous coordinates:

X
Y
Z
1

 7→
 fX

fY
Z

 =

 f 0
f 0

1 0




X
Y
Z
1


(8)

which can be written as:

x = PX. (9)

x is the image point represented by a homogeneous
3-vector. P is the 3× 4 homogeneous matrix, given
by (10), called camera projection matrix and defines
the camera matrix parameters for the pinhole model
of central projection [19]. These parameters need to
be estimated by calibrating the camera with a series
of measurements based on external 3-D points [20].

P = K[R|t]. (10)

We calibrate the camera to integrate the internal
(or intrinsic) camera parameters, such as the focal
length through the camera matrix K defined as:

K =

 fx s cx
0 fy cy
0 0 1

 , (11)

where fx and fy are independent focal length for the
camera sensor x and y dimensions. If the sensor is
not mounted perpendicular to the optical axis, the
entry s encodes any possible bias between the sen-
sor axes and the optical axes. (cx, cy) denotes the
optical centre expressed in pixel coordinates [20].
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Then, this camera model is extended to integrate
external (or extrinsic) camera parameters, corre-
sponding to the position and orientation of the cam-
era w.r.t. the world coordinate system as:

[R|t] =

[
C
WR

C
W t

0 1

]
, (12)

where C
WR and C

W t are, respectively, the rotation
and the translation parameter that define the trans-
formation from the world frame to the camera frame
[19].

Once we have defined the intrinsic and extrin-
sic parameters of the camera, we can compute the
perspective projection, using the pinhole model de-
scribed. With the points expressed in the im-
age plane, we have the respective coordinates and
depths needed to compute the interaction ma-
trix (6). However, to apply IBVS to robots, we
must defined the robots characteristics first.

3.4. Robotics
We define the mobile platform and the robotic arm
manipulator, from a mathematical point of view.
We present equations that allow us to control the
two systems and obtain the corresponding Jacobian
matrices, to compute their input velocities.

The mobile platform chosen is a differential drive
vehicle, defined as non-holonomic as it cannot move
freely in configuration space [21]. We define the
position and orientation of the vehicle relative to
the world frame as:

P = (x, y, θ), (13)

where θ is the angle between the X axis of the fixed
frame and the line of sigh of the vehicle. The differ-
ential drive vehicle can be simplified into a unicycle
model. The kinematic model of the unicycle is de-
fine as:  ẋ

ẏ

θ̇

 =

 cos(θ) 0
sin(θ) 0

0 1

[ v
w

]
, (14)

where v and w are respectively the linear velocity
and the angular velocity of the vehicle [22]. Sum-
ming up:

Ṗ = JvV. (15)

This differential model, mapped in the vehicle
Jacobian Jv, transforms velocities in the robot
referential into velocities in the world referential.
The robot has only 2-DOF, as suggested by the
vehicle Jacobian dimension 3 × 2. In other words,
for any control variable v and w in robot referen-
tial, the vehicle cannot move instantaneously in a
direction perpendicular to the linear velocity vector.

Regarding the arm, we choose a manipulator se-
ries which is defined as a set of rigid bodies linked
to each others by joints. Each joint only links two
rigid bodies to form a kinematic chain. The posi-
tion and orientation of the object to be grabbed by
the end-effector, defines the overall movement of the
manipulator. These movements can be described in
joint space, given an angle value to each joint of the
manipulator [23]. The Forward instantaneous kine-
matics (or differential kinematics) are computed in
the manipulator Jacobian matrix. In the case of a
serial manipulator with n joints, the Jacobian ma-
trix maps the Cartesian velocities of the end-effector
to the velocities in joints space [23], as:[
ẋ, ẏ, ż, ωx, ωy, ωz

]′
= J(θ1, · · · , θn)

[
θ̇1, · · · , θ̇n

]′
.

(16)
In practice, directions representing the robot mo-
tion are generated by the those differential models.
The Jacobian allows us to find the manipulator sin-
gularities, i.e. configurations in which the robot
looses DOF in the movement [23]. If det(J) = 0 or
if the Jacobian is rank deficient, it indicates a loss of
mobility of the manipulator end-effector [21]. The
theoretical fundamentals presented allow us to pro-
pose a suitable solution for the combined control.

4. Implementation
This chapter resumes the implementation process
of IBVS applied to a mobile manipulator, proposed
in this thesis. The code was developed using MAT-
LAB, under the Peter Corke’s Robotic toolbox.

4.1. Mobile platform control
First of all, we define a simple differential drive
model for the vehicle. This model computes the ve-
hicle kinematics equations, described in (14), and
plot the vehicle pose in a 2-D plan. Then, we define
the mobile platform initial position in the world,
as p = [x y θ]′. Similarly, we choose a final pose
Rx = [xf yf θf ]′ to make sure that the vehicle can
reach it. Since the robot controller is based on im-
age features, we have to simulate a camera in order
to extract visual features, needed to compute the
interaction matrix. We define four points in world
frame, with coordinates [X Y Z], in 4× 4 homoge-
neous matrix from WP . We consider for the cam-
era pose, the same pose as the vehicle. In order
to have the Z-axis of the camera pointing to the
roof. Thus, the camera is expressed in world frame
as W

C T =W
V T . Having the camera pose in world

frame, we express points WP , in the camera frame
as CP =C

W T WP .
Then, we project the points CP onto the image

plan. Image coordinates (x, y) of each point are
stored in the feature’s vector s (17).

s =
[
x1 y1 x2 y2 x3 y3 x4 y4

]′
. (17)
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The same process is executed for the vehicle final
pose. Once we have expressed the image features
and stored the current and desired features, cor-
responding to each image point coordinates, in the
arrays s and sx respectively. Then, we can compute
the error between the features as:

e = s− sx. (18)

This error will be the variable controlling the cycle.
The control cycle is initiated by an interaction

matrix Lx (6). Then, the vehicle Jacobian Jv, re-
lating the mobile platform Cartesian velocities and
the mobile platform linear and angular velocities
(vx, wz), is computed as follows:

Jv =


cos(θ) 0
sin(θ) 0

0 0
0 0
0 0
0 1

 . (19)

Similarly, the mobile platform control velocities
are given by the control law (4), in which L+

e =
(Lx Jv)

+. We drive the vehicle and get the new
vehicle pose. We repeated the process until we ob-
tained conclusive results, i.e., we observed conver-
gence of the current points and desired points in
image, we analysed and find an adequate norm of
the error to stop the cycle. We choose to end the VS
control, when the norm of the error e was inferior
or equal to 0.01.

4.2. Manipulator control
The manipulator used in our simulations, is the
Puma 560 model. This robot was designed to have
approximately the dimensions and reach of a hu-
man worker. It also has a spherical and wrist joints
as humans have [24]. We choose initial joints angles
values, in the array q = [q1 q2 q3 q4 q5 q6]. Using
the function fkine(manip,q), we obtain the end-
effector pose in world frame (for the arm configura-
tion specified by the joints angles in q). Then, we
placed a virtual camera rotated by 90 in Y-axis, on
top of the end-effector, in order to have the cam-
era Z-axis oriented to the wall. We consider that
the base frame is in the position [0, 0, 0], defined in
world frame. By consequence, we only need to com-
pute the camera pose in base frame B

CT . From the
initial camera pose, the initial features (coordinates
of the four points previously defined in world frame)
are computed in camera frame as CP =C

B T BP .
We project the points in CP onto the image plane

and obtain the respective coordinates (x, y) of the
projected points in the image. As before (see Sub-
sec. 4.1), we obtain the current features, in the vec-
tor s. The next step is to define a final arm configu-
ration, to make sure the goal can be reached, and to

make sure that the final configuration is possible to
reach. Having the final arm configuration defined,
the same steps are executed to obtain the desired
points coordinates in the image plane, stored in the
vector sx. After calculating the error e = s − sx,
we initiate the cycle by computing the interaction
matrix Lx. We obtain the manipulator Jacobian Jq
in end-effector frame using the method jacobn(q)

from the Peter Corke’s toolbox.

Actually, we must express the manipulator Jaco-
bian in the camera frame, since the control is done
in the image plane, thought the interaction matrix
Lx calculated in camera frame. To do so, we need
the skew-symmetric matrix S and the rotation ma-
trix C

ER, corresponding to the transformation from
the end-effector to the camera frame:

C
ETs =

[
C
ER S C

ER
03×3

C
ER

]
. (20)

We calculate the control velocities with the control
law given by (4), where L+

e = (Lx
C
ETS Jq)

+. We
update the actual joints positions to the new ones
and repeat the control process until the features
converges in the image. Once we obtained satisfac-
tory results of both manipulator and vehicle servo-
ing, we joined the two control scheme to control the
mobile manipulator.

4.3. Mobile manipulator control

We combine the two control schemes in order to
have a unified control for the mobile manipulator.
We start by defining an initial position for the vehi-
cle in the world p = [x y θ]′ and attach the manip-
ulator to the vehicle. Then, the initial joint’s arm
configuration is given by: q = [q1 q2 q3 q4 q5 q6].
The same steps are executed to give a desired po-
sition to the vehicle, and the arm attached to it.
Once the initial and desired configuration are done,
we place a virtual camera on top of the end-effector,
facing the wall. We project the four points defined
in 3-D world onto the image plan. As before, the
2-D coordinates of the current points are stored in
the vector s and the desired ones are stored in the
vector sx and the error is computed.

The cycle is initialised with the interaction ma-
trix Lx. Then, the function jacobn(q) computes
the manipulator Jacobian in the end-effector frame:
Jq. In Subsec. 4.1, we defined the vehicle Jaco-
bian in (19). However, our goal is to combine the
two previous Jacobians, in order to apply a unified
IBVS system. In this thesis we follow the method
proposed in [25], which we could adapt the com-
bined Jacobian to our case.

The manipulator base frame (frame B) has the
same orientation and position as the mobile plat-
form and we consider the arm being at the centre
of vehicle’s gravity (frame P). By consequence, the
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general Jacobian that relates the arm based Carte-
sian velocities (which are the mobile platform linear
and angular velocities) is given by (19). To combine
the mobile platform Jacobian and the manipulator
Jacobian, we have to include the effect that the mo-
bile platform motion at frame B have on the end-
effector at frame E. The method is divided in two
steps: 1)we construct a matrix Jacobian ignoring
the arm’s joints motion, 2)we introduce the arm’s
joints velocities in the combined matrix.

This effect is determined by defining the velocity
task vector of frame E, relative to the world frame
W . B

EX and B
EY are the X and Y coordinates of

the end-effector, relative to the arm base frame B.
After a few calculations we obtain:

Ve = JEPVp, where (21)

JEP =


cos(θ) −(BEXsin(θ) + B

EY cos(θ))
sin(θ) B

EXcos(θ) − B
EY sin(θ)

0 0
0 0
0 0
0 1

 .
(22)

JEP is the Jacobian that relates the mobile plat-
form Cartesian velocities to the Cartesian velocities
of the end-effector in the world, without the motion
of the arm. However, we want to express these ve-
locities in the end-effector frame,. For that, we ex-
press the Jacobian calculated in world frame to the
end-effector frame, using a transformation matrix
T with the same structure as (20), and obtain:

Jv = TJEP . (23)

In (23), Jv relates the mobile platform Cartesian
velocities to the Cartesian velocities of the end-
effector, in the end-effector frame. Finally, taking
into account the arm joint’s motion, the combined
Jacobian J is given by:

J = [Jq Jv]. (24)

This Jacobian relates the mobility of the mobile
platform with the manipulation of the robotic arm,
and relates the six Cartesian velocities of the end-
effector to the joint angles of the arm and the mobile
platform linear and angular velocities. As before,
the combined Jacobian must be expressed in the
camera frame using the transformation matrix (20).
where Le+ = (Lx

C
ETS J)+. The velocity vector is

an array of 8 × 1, containing the 6 arm joints an-
gles velocities [q̇1...q̇6]′ and the two linear and an-
gular velocities of the mobile platform, respectively
[vx ωz]

′.
We drive the mobile platform and update the arm

joint’s angle. We project points onto the image to
have the new features coordinates and update the
error until convergence of the points in the image.

Figure 2: 2D mobile platform trajectory. The black
and red triangles represent respectively the mobile
platform initial and final position.

5. Simulations

The IBVS control of the mobile platform, the ma-
nipulator and the mobile manipulator are simu-
lated in MATLAB. For all the simulations, the pa-
rameters chosen are a time interval dt = 0.1, a
control parameter λ = 1 and a condition error
norm(e) >= 0.01 to stop the control cycle.

5.1. Mobile Robot

We are interested in testing the performance of the
vehicle control. The test is performed with 4 points
in the world. Fig. 2, Fig. 3 and Fig. 4 present
the results of the simulation run with mobile plat-
form initial position p = (−1, 1, π) and final position
pf = (1.7, 0.5,−π2 ).

Figure 3: Desired points (red crosses) and current
points (blue points) trajectory in the image plane,
in pixels.

5.2. Manipulator

Fig. 5, Fig. 6, Fig. 7 and Fig. 8 present the results
of the simulation, run with 4 points and the config-
urations: q = [−π2 0 0 0 0 0], for the initial joints
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Figure 4: Features errors over time, where
(x1, y1, ..., x4, y4) are the 4 image points coordi-
nates. Mobile platform linear and angular velocities
(vx, ωz) over time.

angles values and qf = [0 − π
2 −π −

π
6 −

π
6 −

π
3 ],

for the final joints angles values.

Figure 5: Manipulator in initial configuration q.
The actual camera frame (represented by the 3 ar-
rows) does not match the red X-Y-Z axis represent-
ing the frame of the desired camera pose.

5.3. Mobile manipulator
The performance of IBVS control, developed for the
mobile manipulator is tested for initial positions dif-
ferent from the origin. One of these tests, which
results are presented in Fig. 9, Fig. 10, Fig. 11 and
Fig. 12, is executed with 4 points in the world.

The initial arm joints configuration q and mo-
bile platform position p chosen for this test are
q = [0 0 π

4 0 0 0] and p = [0.5 − 1 0]. The fi-
nal desired arm joints configuration qf and mobile
platform position pf chosen are qf = [0 π

4 0 0 0 π
3 ]

and pf = [1.5 − 0.5 0]. The features converge
in the image plan (Fig. 11) and the error between
the current and desired features exponentially get
to zero (Fig. 12). The mobile base get to the desired

Figure 6: Manipulator in final configuration qf, in
a different view. The actual camera frame (repre-
sented by the 3 arrows) matches the red X-Y-Z axis
representing the frame of the desired camera pose.

Figure 7: Desired points (red crosses) and current
points (blue points) trajectory in the image plane,
in pixels.

Figure 8: Features errors over time, where
(x1, y1, ..., x4, y4) are the 4 image points coordi-
nates. End-effector linear and angular velocities
(vx, vy, ωz) over time.
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Figure 9: Mobile manipulator in final configuration
qf. The actual camera frame (represented by the
3 arrows) matches the red X-Y-Z axis representing
the frame of the desired camera pose.

Figure 10: Mobile manipulator base 2-D trajectory.
The initial and final positions are represented re-
spectively by the black and red triangle.

position, at the end of the control process (Fig. 10).

The mobile manipulator performance is also
tested for different arm joint’s angle values and mo-
bile base positions. The position of the points has
to be adapted according to the desired final posi-
tion of the end-effector and camera. The simula-
tions are initiated with the arm joints configura-
tion q = [0 0 0 0 0 0] and mobile platform posi-
tion p = [0 0 0]. The camera trajectories for these
simulations are represented in Fig. 13. All those 6
simulations have satisfactory results. We observed
convergence of the points, in the image plan. The
errors exponentially decayed to zero with time, also.

5.4. Discussion

The results presented previously show an overall
good performance of the IBVS applied to the mo-
bile platform, to the manipulator and, finally, to the
mobile arm. In the cases presented, the convergence
of the features in the image is always observed, with

Figure 11: Desired points (red crosses) and current
points (blue points) trajectory in the image plane,
in pixels.

Figure 12: Features errors over time, where
(x1, y1, ..., x4, y4) are the 4 image points coordi-
nates. Mobile platform and end-effector linear and
angular velocities over time.

more or less smooth trajectories. Part of this suc-
cess depends on the choice of the initial and final
position, to project the points in the image. As
a matter of fact, the Z-axis of the camera has to
be oriented to the points. Concerning the mobile
manipulator, the redundancy is achieved by adding
the 2-DOF of the mobile base. However, even that
redundancy can not guarantee global convergence,
as we observed the system reaching joints limits in
some cases, or looses DOF in some configurations
achieved during the servoing process.

Unfortunately, our system has some drawbacks
regarding aspects that must be taking into account.
The first important aspect that must be taken into
account is the real camera field of view. In the
present simulations, camera field of view was not
limited. Only image dimensions limited the visual-
isation and projection of points. The second aspect
that we have not treated is the robustness of the
control system to random noise around the image
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Figure 13: 3D camera trajectories for several de-
sired final position of mobile manipulator. The ini-
tial and final camera positions are represented re-
spectively by the label start and end.

points. Actually, when the camera is far from the
desired points, the error between features is high
and the noise is negligible, compared to the value
of the error. The noise only influences the error
when the camera is really close to the points. Last
but not least, the third major aspect is the calcula-
tion of the points depth in the interaction matrix.
As a matter of fact, we considered the known depth
of the points (given from the world coordinates ma-
trix) at each iteration cycle, instead of estimating
the depth. In a real environment, we have to esti-
mate the depth of each point, which can be achieved
by using stereo vision (a sequence of at least two im-
ages acquired by the robot movement). However, as
we don’t simulate noise around the points, the esti-
mated depth, that would be given by the epipolar
geometry, would be equal to the real depth of the
points.

6. Conclusions and Future Work

This chapter concludes the work presented and al-
lows to reflect about its development, considering
the goals of this thesis. To finish, we suggest some
ideas for future work on this topic.

6.1. Conclusions

The main goal of this thesis was to control a mo-
bile manipulator using visual information, acquired
in real time, by a camera placed on top of the
end-effector. This work has for ambition to im-
prove robots performance regarding objects manip-
ulation. IBVS appears as the adequate control
scheme to compute errors directly from image fea-
ture parameters. Thus, this technique do not need
neither a 3-D model of the scene, nor a perfect
knowledge of the camera calibration matrix. Under-
standing the theoretical aspects of IBVS, image for-
mation and robotics was imperative to implement

the simulator, in MATLAB, to test the combined
IBVS of a manipulator (Puma 560) and a differen-
tial drive vehicle. We evaluated the performance of
the servoing, at each step of the implementation.
The results were very satisfactory, for the tested
positions.

This work aims to contribute to the improvement
of the mbot robot, present in the testbed in the
8th floor of North Tower, in Alameda Campus, and
used by the SocRob@Home team, in several compe-
titions, as it was in GermanOpen in May 2017, and
more recently, in European Robotics League (ERL)
Service Robots Challenge, in August 2017.

Unfortunately, we were not able to test the de-
veloped servoing for the mobile manipulator, in a
real environment.

6.2. Future work
With the end of our study, we list a few points that
(as a future work) could improve the results ob-
tained in this thesis.

The IBVS control of the mobile manipulator
could be improved by studying fine tuning param-
eters, to avoid possible local minima or singulari-
ties during the servoing, and to limit joint veloc-
ities preventing damages on the arm. Regarding
the MATLAB simulator, in addition to the aspects
mentioned in the discussion (Sec 5.4), we could
implement the control scheme in Simulink, using
blocks for each part of the servoing process. This
improvement allied to a proper interface, can facil-
itate the use of the simulator; the servoing could
be tested by choosing easily different inputs (num-
ber of points and coordinates of each one), changing
the parameters variables (lower error for the tests,
control parameter λ, time interval) or even choos-
ing other robot model to be tested. For example,
it would be interesting to create a model with a
Cyton gamma arm, inserted in a pioneer robot, or
even to use the mbot model, to approach the test-
ing conditions of the real environment. More elabo-
rated models, representing objects, instead of points
could also be added.

Last, but not least, the ideal would be to include
the IBVS directly on the mbot, to be used for ob-
jects manipulation, during competitions.
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