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Abstract
This paper describes the development and design of visionbased remote controlled cellular robots. Cellular robots
have numerous applications in industrial problems where
simple inexpensive robots can be used to perform diﬀerent
tasks that involve covering a large working space. These
robots are controlled based on the visual input from one
or more cameras that monitor the working area. As a
result, a robust control of the robot trajectory is achieved
without depending on the camera calibration. The remote
user simply speciﬁes a target point in the image to indicate
the robot ﬁnal position.
We describe the complete system at various levels: the visual information processing, the robot characteristics and
the closed loop control system design, including the stability analysis when the camera location is unknown. Results
are presented and discussed.

1

Introduction

The remote surveillance of a working space is a problem often found in many applications (surveillance, inspection, mine localization, space exploration, underwater, etc). We describe the design of simple and inexpensive
cellular robots that can operate individually or cooperatively, in a remote area [14].
Each robot has a very simple and inexpensive design and
communicates via radio to a central processing unit, where
all the costly system components are installed. We assume that a surveillance camera is available that allows
the remote user to visualize the operation scenario. The
user speciﬁes commands simply by indicating in the image, the desired end position or trajectory for each robot.
The robot is controlled through visual feedback [5], and
all the problems related to the camera calibration (intrinsic and extrinsic parameters) are embedded in the control
system, in a way transparent to the user. This simpliﬁes the installation and system operation by not requiring
the calibration of the camera coordinate system relative
to that of the workspace. This general setup is illustrated
in Figure 1.

Figure 1: Overall system setup

We can extend this paradigm to the case where a robot is
capable of several local autonomous behaviors that may
be launched or coordinated by a remote user. In this way,
the user is not subject to long, tedious, routine operations which can be performed by autonomous behaviors
[12]. On the other hand, with this supervised autonomy
mode, the whole system [2, 10] can beneﬁt from the presence of an operator in the loop, in terms of security and
performance.
Currently, we control the vehicle angular velocity to drive
the robot towards a goal point, while the linear velocity
is kept constant during the entire path.
Another aspect worth mentioning is related to the camera (sensor) and ground plane (world) coordinate systems.
The overall goal is to control the vehicle towards a given
scene point or to follow a pre-speciﬁed trajectory. However, all the measurements (e.g vehicle position and orientation) are taken on the image plane, thus consisting of
projections of the vehicle real position and orientation.
One could determine the relationship between image measurements and the real variables and always transform
these measurements into the vehicle, or ground plane coordinate system. However, image measurement errors would
be projected onto the ground plane in a non uniform manner, as each image pixel subtends a diﬀerent area of the
ground plane. The alternative solution is to control the vehicle based on the image measurements directly, without
explicitly performing coordinate transformations. Then,
the system performance would no longer depend on the
calibration parameters. In our system, we can use both
control alternatives, but direct image based control is the
preferred choice.

Each robot, controlled via a radio link from a PC. Each
robot is identiﬁed by a 4 bit address and hence, we can
control up to 16 cellular vehicles. There are no on-board
sensors. See [1] for more details.
The host computer executes the tasks of determining the
robot position and orientation in the image coordinates,
and generates the proper control signals. The visual tracking system runs at about 8Hz, without using any special
image processing hardware.
We describe thoroughly the problem of designing a digital
control for the system, and a robust tracking procedure.
Additionally we show that the system is (locally) stable
independently of the unknown camera position and orientation.

2

Visual Sensing

The system described in this paper involves two coordinate frames. The world frame is used to describe the robot
position on the ground plane. The camera coordinate system is required to express the robot position on the image
plane.
One way to develop the control system for the robot trajectory, is to convert all the image measurements back
to the world coordinate frame. Alternatively, we can use
the image measurements directly to control the motion,
without an intermediate step of coordinate transformation. This latter approach avoids the need for estimating the projective transformation between the image and
ground planes.
For the sake of completeness, we describe the calibration
procedure in Appendix A. The ﬁrst problem now is to
determine the vehicle position and velocity in the image.
2.1

Visual Tracking : the α − β tracker

To control the robot motion, we must sense its position
and heading direction over time, using the camera monitoring the work space. These measurements must be
processed at a frequency allowing the closed loop control
strategy [4].
Since the camera is ﬁxed, the vehicle image position is estimated by computing the diﬀerences between two consecutive images and computing the centroid of the detected
region. In addition, an adaptive window is used and this
operation is only performed in a small neighborhood of
the actual vehicle position. Whenever the vehicle is lost
by the tracking system, the adaptive window is progressively enlarged thus covering a wider part of the visual
ﬁeld. In general, the tracking system runs at a frequency
of about 8Hz and is robust against multiple moving objects since the processing is done locally.
The visual process provides estimates of the vehicle image position over time. These measurements have to be

used to estimate the vehicle heading direction. Estimating the trajectory direction from a set of densely sampled
position measurements is rather noisy. For small image
displacements the uncertainty on the angular orientation
is extremely high due to the discrete nature of the image
coordinates. The solution is to use a ﬁlter to estimate the
trajectory heading from position observations.
We model the target as a dynamical system where the
state vector is composed both of the vehicle position and
velocity, and the observations consist of the target position
over time:1
X(k) = [x ẋ]T
Z(k) = x (1)
The dynamic state-space model, assuming constant velocity, is given by:
X(k + 1)

= φX(k) + ψw(k)

Z(k)

= C T X(k) + η(k)
=

[1

0]X(k) + η(k)

(2)

where η is the measurement uncertainty noise, assumed
to be a zero-mean white stationary process; w(k) is the
unknown target maneuver; φ and ψ are the state and
maneuver-state transition matrices:
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where T denotes the sampling period.
Under closed loop control, the target maneuvers may be
known, at least partially. The reason to consider the target maneuver as an unmodeled perturbation, is that there
are various unknown parameters and non linearities in the
real robot, that would need to be identiﬁed for a more accurate system model.
The problem then, is to estimate the state vector using the
set of observations available up to the current sampling
instant:
X̂(k|k) = F({Z(n) : n = 0, 1, ..., k}, φ, ψ)
that minimizes the covariance matrix, P of state estimation error, X̃(k):
X̃(k)
P (k|k)

= X(k) − X̂(k|k)
= E{X̃ X̃ T }

where we assume that the estimation error is zero mean.
In the ultimate case, the error covariance matrix is a function of the estimation process itself and of the measure2
ments and maneuvering noise variations, ση2 and σw
:
2
).
P (k|k) = P (F, ση2 , σw
1 For the sake of simplicity we represent the vehicle position by
x, even if it actually consists of both horizontal and vertical coordinates. Hence the state is a 4-tuple vector and the observations a
2-tuple vector. Since the motion model along the x and y directions
is decoupled, we can apply the α − β ﬁlter independently in both
directions.

Since the system is linear and the noise processes are
white, the optimal mean-squared-error (MSE) ﬁltering is
the Kalman ﬁlter [7]. We can now use the tracking index,
introduced in [9], that characterizes the general tracking
problem and further simpliﬁes the optimal tracking solution.

3.1

Kinematics

The vehicle has diﬀerential architecture where two DC
motors drive directly the left and right wheels, as shown
in Figure 2.
2R

The tracking index, λ, is deﬁned as the ratio between the
position uncertainty due to the target maneuvers, and the
sensor measurement noise, and it is proportional to the
tracking period:
∆

λ = T2

2
σw
ση2

Popt (k|k) = Popt (k, λ).
Now that the system model has been deﬁned and the
tracking index introduced, the optimal steady-state ﬁlter
is given by:
Prediction :
X̂(k|k − 1) = φX̂(k − 1|k − 1)
Filtering :


X̂(k|k) = X̂(k −1|k −1)+K Z(k) − C X̂(k|k − 1) where
K is the steady-state gain vector given by:
T

β/T ]

Given the tracking index, the optimal gains can be computed in a straight forward manner, yielding:
√
λ2 + 8λ − (λ + 4) λ2 + 8λ
α = −
8
√
λ2 + 4λ − λ λ2 + 8λ
β =
4
λ =

β2
1−α

Even in the cases when the vehicle maneuverability is not
known a priori, a smooth trajectory can be obtained using
low values for λ. Since we have a constant sampling period
and the position measurement noise is about one pixel,
we can change the value of λ, thus modifying the ﬁlter
bandwidth.

3

2D

Figure 2: Vehicle Kinematics

The tracking index completely describes the tracking solution since once λ is determined, the optimal ﬁlter is implicitly deﬁned, together with the tracking performance
criterion:

K = [α

C

Robot Kinematics and Dynamics

To control the robots, we must deﬁne the various coordinates systems attached to the robot - kinematics - and
provide a dynamic model to be used for controller design.

We consider a coordinate frame attached to the mid-point,
C in the wheels axis, as shown in Figure 2. The linear
and angular velocities of C, Vc and ωc , can be expressed
as a function of the angular velocities of the left and right
wheels ωL and ωR ; the half-distance between the wheels,
D, and the radius of the wheels R, according to :
 



R/2
R/2
ωL
Vc
=



(3)
ωc
ωR
−R/D R/D
This jacobian matrix allows us then to determine the velocity of the vehicle reference point, as a function of the
velocity of the wheels, and vice-versa.
3.2

Dynamics

The robot is equipped with DC motors and we assume
that the electrical pole can be discarded in comparison
with the dominant mechanical pole. The transfer function
relating the motor shaft velocity and the input voltage is
well approximated by a ﬁrst-order dynamic system[11] :
ω(s) =

Kω
U (s)
τs + 1

(4)

where τ is the mechanical time constant, and Kω is the
steady state gain.
Using the kinematic model, we obtain transfer functions
relating the left/right motor input voltages and the angular and linear velocities of the vehicle reference point:
ωC (s) =

R Kω
Ud (s), Ud (s) = UR (s) − UL (s)
D τs + 1

VC (s) =

R Kω
Uc (s), Uc (s) = UR (s) + UL (s)
2 τs + 1

(5)

In conclusion, we obtain two decoupled single-input-singleoutput systems that can be controlled separately. We can
now design a control system for the vehicle heading (actuating on the diﬀerential voltage) and linear speed (actuating on the common voltage).

4

Control System Design

We consider only the design of the heading control system.
The control strategy consists in dynamically orienting the
vehicle heading towards the desired ﬁnal point, with constant linear velocity.
The digital controller [11] takes the vehicle position and
orientation as the input and generates the appropriate
diﬀerential voltages to control the trajectory heading, as
shown in Figure 3 (including an impulsive sampling block,
and a zero-order-hold circuit at the controller output).
The transfer function G(s) relates the vehicle heading to
T
Ref.

+

Delay
-

Zero Order
Hold

Controller

T

Θ(s)
G(s)

Pp

Figure 3: Control system
the diﬀerential voltage Ud :
Kω
R
D s(τ s + 1)

(6)

The impulsive transfer function including the Zero Order
Hold circuit and the process G(s) can be computed from
the Z-transform of the sampled input and output signals:
Geq (Z) = T Z
=

1 − e−T s R
Kω
·
s
D s(τ s + 1)

AZ + B
RKω τ
D (Z − 1)(Z − e−T /τ )

(7)

where we have deﬁned
A = e−T /τ + T /τ − 1

B = 1 − (1 + T /τ )e−T /τ

An additional delay of one sampling period is introduced
by the image processing. Thus, the discrete open loop
transfer function is the following:
GOL (Z) =

AZ + B
RKω τ
D Z(Z − 1)(Z − e−T /τ )

4.1

Stability Analysis

So far, we assumed that the vehicle heading direction
could be measured directly. However, we only have access
to its projection on the image plane. Does the transformation introduced by the camera observations will alter
the system stability ?
Assuming that such transformation is known (for the calibration procedure refer to Appendix A), one could always
convert image coordinates to ground plane coordinates.
The challenging problem however, is to design a stable
controller, assuming the camera calibration is unknown.
We show that the system is (locally) stable independently
of the (unknown) camera position and orientation, using
Liapunov’s second method for continuous systems [3].

Cam. Transf.

G(s) =

controller) controller, with a pole at the origin and a zero
on the right hand side of the Z plane. The PD controller
improves the system stability and dynamic response. By
placing the controller zero close to one, we have a fast system response. Figure 4 shows the corresponding system
root-locus (right plot).

(8)

The root-locus corresponding to this transfer function is
shown on the left plot of Figure 42 . Hence, for a certain
range of the gain, the system is stable and becomes unstable for large gains. Inserting an integral action would
make the system unstable, as there already is an integrator
in the loop. We have used a PD (proportional derivative
2 We have used T = 0.125s and the system pole at 2Hz, yielding
τ = 0.08. The open loop poles are located at {0, 1, 0.08} and the
zero at {−0.4487}.

We use a continuous-time second order system to describe
the relationship between the torque, µ, applied at the vehicle mid-point and the heading direction, θ (see Section 3.2)
:
M θ̈ + C θ̇ = µ

(9)

where M describes the system mass and C is a positive
constant related to the mechanical pole. The control system error, θe , is the diﬀerence between the vehicle heading
and some speciﬁed reference direction, θr :
θe = θ − θ r
The mapping between the angles, θ, measured on the
ground plane and the corresponding angles projected on
the image plane, θI , is denoted by H:
θ = H(θI )

(10)

This function describes the viewing geometry. In general,
it depends on the orientation of the image plane relative
to the ground plane, on the viewing direction, on the angle
being measured and, ﬁnally on the absolute angle orientation.
The mapping H(θI ) is diﬀerentiable, provided that the
camera plane is not perpendicular to the ground plane,
that would give rise to singularities. Using equation (9)
and the diﬀerentiable (projective) mapping (10), we can
describe the dynamic evolution of the vehicle heading, as
seen in the image plane:
2
M H (θI )θ¨I + M H (θI )θ˙I + CH (θI )θ˙I = µ

(11)
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Figure 4: Left: Root-Locus for a proportional controller. Right: the zero of the PD controller is placed at Z = 0.9.
where we have used
H (θI ) =

∂H(θI )
∂θI

H (θI ) =

∂ 2 H(θI )
∂θI2

(12)

If we assume that H(θI ) varies slowly, we can use a linearized model to describe the image evolution of the vehicle heading:


M H θ¨I + CH θ˙I = µ

Γ

2

=

(θI , θ˙I ) ∈

=

θI ∈ , θ˙I ∈

: V̇ (θI , θ˙I ) = 0
=0

(13)

where the constant H is the slope of H(θI ) evaluated
at a given angular position. One can now build a Liapunov function combining the system kinetic energy and
a quadratic term in the orientation error :
V (θI , θ˙I ) =

As the system described by equation (11) is an autonomous system, to study the asymptotic stability we
need to invoke LaSalle’s theorem [13], considering the region where V̇ (θI , θ˙I ) vanishes:

2
1
1
M H θ˙I + Kp (θIr − θI )2
2
2

(14)

where Kp is a positive constant, and we assume for the
moment that H is positive. In these conditions, V (θI , θ˙I )
vanishes for the desired equilibrium point, (θI , θ˙I ) =
(θIr , 0), and is positive elsewhere. Computing the time
derivative of V (θI , θ˙I ) yields:
V̇ (θI , θ˙I ) = M H θ˙I θ¨I − Kp (θIr − θI )θ˙I
= θ˙I {M H θ¨I − Kp (θr − θI )}
I

= θ˙I {µ − CH θ˙I − Kp (θIr − θI )}
If we choose a control law given by:
µ − Kp (θIr − θI ) = −Kv θ˙I

(15)

with Kv being a positive scalar, it yields :
2
V̇ (θI , θ˙I ) = −{CH + Kv }θ˙I

Since C and Kv are positive scalars, and H was also assumed to be positive, V̇ (θI , θ˙I ) is a negative semi deﬁnite
function. Hence (θI , θ˙I ) = (θIr , 0), is a stable equilibrium
point.

Among all the points (θI , θ˙I = 0), only the desired equilibrium point (θI , θ˙I ) = (θIr , 0) is a solution of the system
equation (13). We can conclude that the control system is
asymptotically stable, and the original non-linear system
is locally asymptotically stable. The control law is then
given by:
µ = Kp (θIr − θI ) − Kv θ˙I

(16)

which is an image-based PD controller, that ensures (local) stability of the closed-loop system.
The mapping H depends both on the camera position and
orientation relative to the ground plane, and on the particular image pixel and angle under consideration. Assuming
that H is positive means that, for an arbitrary camera location, an increase of the angle between two image lines,
h1 and h2 , is due to an increase of the angle between by
the corresponding lines, H1 and H2 , on the ground plane.
In other words, when the angle increases on the image
plane, the same happens with the angle generated by the
corresponding lines on the pavement. This idea is illustrated in Figure 5. This hypothesis holds for any camera
orientation, except when the image plane becomes perpendicular to the ground plane, or the viewing direction
tends to become perpendicular to the optical axis.
If the image plane is parallel to the ground plane, then
H is constant (equal to one) all over the image plane; the
model linearization is no longer an approximation, and
the closed loop control system is globally asymptotically
stable.

O

h2

h1

Figure 7: Example of robot trajectory superimposed on
the image.
H2
H1

Figure 5: Increasing the angle between two image lines,
h1 and h2 , yields an increase of the angle between the
corresponding lines, H1 and H2 , drawn on the ground
plane.

The analysis of the global stability of the non-linear system (11) can be made in a similar way. However, it requires the knowledge about upper and lower bounds of H
to implement the resulting control law.

5

Results

The system described in the previous sections was implemented and tested. The control strategy consists in
regulating to zero the angular error between the robot
heading and the direction towards the ﬁnal point, or towards a way point over the trajectory to follow. Figure 6
shows the cellular robot developed for the experiments.

ﬁlter. The ﬁgure shows also the temporal evolution of
the angular error and distance to the target point. The
position and velocity estimates obtained with the α − β
ﬁlter are smooth and provide reliable data to determine
the heading direction. Notice also that the angular error increases when approaching the ﬁnal goal, when small
misalignements yield large angular errors. The last plot
shows the distance to the target measured perpendicularly
to the heading direction. As expected, the distance to goal
decreases linearly, as the linear velocity is kept constant.
The robot describes a curvilinear path, moving away from
the goal point and ﬁnally, towards the desired position.
The shape of the path is mainly due to the non-holonomic
constraints of the robot platform and on the saturation
imposed on the control values.
An aspect worth discussing is the inverse projection of
the orientation error measured in the image back to the
ground plane, using Pp−1 (see Appendix). The measurement error noise would be quite ampliﬁed in the areas
far from the camera (where the perspective eﬀects are
stronger). In our system, the controller uses the error
measured in the image plane, which is directly connected
to the information available to the user in the system’s
interface. We achieve much smoother robot trajectories,
as opposed to the case where the error signal is back projected to the ground plane. The diﬀerence between image
and 3D position based control is discussed in [8].

6
Figure 6: Cellular robot developed for the experimental
tests.
During normal operation, the user speciﬁes the desired
end point or trajectory in the image coordinates. Figure 7
shows the image in the user’s interface where the robot
trajectory was superimposed.
Figure 8 shows the trajectory described by the vehicle
during a maneuver, together with the estimates of the vehicle position and linear velocity obtained by the α − β

Conclusions

Figure 9 shows the operation under trajectory following
and an example of two cellular robots cooperating to push
an object (white bar) to a desired conﬁguration. We have
described an approach for remote control of cellular robots
using visual feedback obtained from a static camera viewing the robot workspace. This system oﬀers a ﬂexible
framework for robotic applications such as surveillance
and inspection, where the user can specify goal-points or
trajectories directly in image coordinates. Several test
examples were included, showing point-to-point and trajectory following control modes, and an example of cooperation between two robots under vision based control.
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Figure 8: Robot trajectory during a maneuver, estimated velocities, angular error to target and distance to goal, over
time. The angular error tends to increase during the ﬁnal approach, since at short distances a small misalignement
corresponds to a large angular deviation. However, the distance to the target measured perpendicularly to the robot
heading (last plot) approaches zero in a consistent manner.

A

Determining the robot ground plane
coordinates

It is well known [6]that, under perspective projection, the
3D coordinates of a scene point, M̃ , and the corresponding
image projection, m̃, are related by the following equation:
m̃ = P̃ M̃ , with P̃ = K [R| − R t]
where m̃ and M̃ are both expressed in projective coordinates. The 3×4 projection matrix, P̃ , depends on the
camera intrinsic parameters, K, and the camera orientation and position relative to the world frame R, t.
As the camera is observing a plane where the vehicle
moves, we can choose the world coordinate frame such
that the plane equation is given by Z = 0 and, as a result,
each image point will correspond uniquely to a certain
point on the plane, according to :
m̃ = P˜p M̃


λx
p11
 λy  =  p21
λ
p31


Figure 9: Top: path executed by the cellular robot under
vision based control in trajectory following mode. Bottom:
two robots cooperating to push a bar.

By specifying the control goal in the image coordinates,
the overall accuracy of the system is independent of the
errors in the calibration of the camera intrinsic or extrinsic
parameters.
We have also shown that the closed-loop control system
is (locally) stable for any camera position/orientation except when the image plane becomes perpendicular to the
ground plane. Naturally, the performance will be diﬀerent when the camera position is changed. The problem of
addressing the optimal control parameters for any camera
position orientation is being considered for future work.
One possible extension is the use of multiple cameras observing a large environment. From a theoretical point of
view this is exactly the same problem as the one described
in this paper. If the projection matrices are estimated, we
can relate pixels of the various images, simply by composing the various projective homographies.
Alternatively, if we prefer to keep the system uncalibrated,
it would not be necessary to explicitly relate the coordinate systems of the various images, as the control could
be easily switched between the various cameras. Also, if
both the robot and the goal are visible in more than one
camera, one could use the multiple angular errors in the
global robot controller, thus explicitly beneﬁting from the
existence of multiple measurements to further improve the
accuracy.

p12
p22
p32



X
p13
p23   Y 
p33
1

(17)

where X, Y denote the vehicle position on the ground
plane.
Equation (17) expresses a plane-to-plane projective transformation. P˜p has 8 degrees of freedom (up to a scale factor) and can be determined from a minimum of four image
points with known coordinates on the ground plane. Once
P˜p has been estimated, it can be used to convert image
coordinates to the ground plane and vice-versa.
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