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Abstract. Some bacteria present a movement which can be modeled as
a biased random walk. Biased random walk can be used also for artificial
creatures as a very simple and robust control policy for tasks like goal
reaching. In this paper, we show how a very simple control law based
on random walk is able to guide mobile robot equipped with an om-
nidirectional camera toward a target without any knowledge about the
robot’s actuators or about the robot’s camera parameters. We verified,
by several simulation experiments, the robustness of the random biased
control law with respect to failures of robot’s actuators or sensor dam-
ages. These damages are similar to the ones which can occur during a
RoboCup match. The tests show that the optimal behavior is obtained
using a bias which is roughly proportional to the random walk step, with
a coefficient dependent on the physical structure of the robot, on its ac-
tuators and on and its sensors after the damage. Finally, we validated the
proposed approach with experiments in the real world with a wheeled
robot performing a goal reaching task in a Middle-Size RoboCup field
without any prior knowledge on the actuators and without any calibra-
tion of the very noisy omnidirectional camera mounted on the robot.

1 INTRODUCTION

When considering challenging environments like forests [1], planetary explo-
rations [2] or game fields where the robots can collide to each other, it is almost
impossible to predict in advance all the problems which could arise in the task
execution and the possible failures the robot hardware might encounter. How-
ever, the current technology seems still to be lacking in providing reliable robots
able to cope with hardware failure or uncertainties. Most techniques require a
previous identification of the possible accidents that can occur to the robot and
the design of specific workarounds for each of them. Some advanced self-modeling
techniques were presented [3] but they request intensive computation to estimate
the current status of the robot from the sensor information.

Conversely, very simple living beings like bacteria can cope with very com-
plex and variable environments, and often present a highly adaptive and robust
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behavior despite their structural simplicity. In particular, bacteria are able to
sense the concentration of nutrients and direct their movements toward the food
molecules while escaping from poisoning substances, without any complex plan-
ning strategy or fault detection system. This process is called chemotaxis.

The behavior of Escherichia Coli, in the following referred as E. Coli, has
been deeply studied [4]. These organisms utilize a simple biased random walk
for their movement. In particular, this bacterium has only two way of moving,
rotating clockwise or counter-clockwise. When it rotates counter-clockwise the
rotation aligns its flagella into a single rotating bundle and it swims in a straight
line. Conversely clockwise rotations break the flagella bundle apart and the bac-
terium tumbles in place. The bacterium cannot therefore choose the direction of
its movement, but just keeps alternating clockwise and counterclockwise rota-
tions. In absence of chemical gradients the length of the straight line paths, i.e.
the counter-clockwise rotations, is independent of the direction. The bacterium
therefore essentially performs a random walk. In case of a positive gradient of
attractants, like food, E. Coli instead reduces the tumbling frequency. In other
terms, when the conditions are improving the bacterium proceeds in the same
direction for a longer time. This simple strategy allows to bias the overall move-
ment toward increasing concentrations of the attractant despite the simplicity
of the mechanism and the difficulties in precisely sensing the gradient.

In this paper, we propose a bioinspired method that applies the same prin-
ciple for robust mobile robot navigation. Actually this kind of behavior has
already been applied for controlling a mobile robot [5, 6]. Literature shows that
while gradient descent is faster for tracking a single source, the biased random
walk performs better in the presence of multiple and dissipative sources and
noisy sensors and actuators. Demonstrations of the effectiveness of introducing
a random term in the algorithm for preventing the robot from ending up in local
minima are also provided.

However, the robustness to hardware damages and noisy sensory information
achievable by biased random walk were not fully exploited. Expressly, in [6] the
hardware already provides two basic movements, proceed straight and change
direction randomly, and the biased random walk is performed at the behavior
level. This approach limits the robustness for unexpected hardware failures. In
fact, if due to hardware failures one of these basic movements does not operate
as expected in many cases it will not be possible to accomplish the tasks. In
our work, conversely, a biased random walk is executed directly in the motor

command space, i.e. the behaviors themselves are determined online through the
random walk. This gives great robustness in case of hardware failures since new
behaviors that exploit the current hardware behavior are found online by biased
random walk.

In general, performing a random walk in the motor command space allows to
determine at runtime how to exploit the dynamics of the hardware, which can
change due to hardware failures. With the approach presented in this work, there-
fore, there is no need to explicitly identify the failure and use preprogrammed
alternative behaviors, which can be difficult to design beforehand [7]. We will
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show that the proposed bioinspired method is able to provide high adaptability
despite the extreme simplicity of the algorithm and the absence of any additional
hardware to cope with failures. We would like to stress that other, more task
specific techniques could probably be designed to achieve higher performance for
the navigation task, but in this work we are interested in showing the biologically
inspired approach of biased random walks is sufficient to achieve the task and
that it is robust to hardware failures and sensor noise.

The remainder of the paper is organized as follows: Section 2 will present the
details of our control algorithm. Section 3 reports simulation results indicating
that a biased random walk in the space of the actuator signals is able to drive
the robot toward the target even without any knowledge of the robot structure
(e.g. the orientation of the wheels). We then show that the robot is able to
reach the target in presence of several hardware damages such as obscuration of
part of the camera image or variation of the size, change of the rotation axle or
uncontrollability of one wheel.

Another interesting point analyzed in this work is the effect of varying the
noise and bias amplitudes. If the bias is too strong the system keeps repeating
the same behavior even for small positive gradients, wasting time executing
very small condition improvements. Conversely, if the noise is too strong the
system changes its behavior very often trying many inefficient behaviors. We
can therefore expect to have an optimal balance between noise and bias (see
Fig. 1).

Results show that in our settings the performance of the behavior is deter-
mined essentially solely by the ratio of the two quantities, with an optimal ratio
value dependent on the hardware state. We then verified by practical experi-
ments with a real robot that our approach is applicable to real world problems
with noisy sensors and actuators, as highlighted in Section 4. We conclude by
section 5 illustrating future works.

2 CONTROL ALGORITHM

As stated in the introduction our approach takes inspiration from the chemo-
taxis of E. Coli, which can be interpreted under the very general framework of
biological fluctuations [8]. Expressly assuming to have a continuous time system
we can model it by the equation

u̇ = αA(x)f(u) + βη. (1)

where x ∈ R
n is the state and u ∈ R

m is the control signal. The function
f : R

m → R
m is a deterministic function and η is a random variable. These two

quantities are multiplied by two constant scaling coefficients, α ∈ R and β ∈ R.
The output values of f are multiplied by A : R

n → R which is a function of the
state, called “activity”, that indicates the fitness, or “quality” of a particular
condition.

Intuitively, when the conditions improve, the value of A(x) increases and
control becomes mainly deterministic (approximately f(u)) whereas, when the
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Fig. 1. Effect of the bias in random walk. The top figure plots the relationship between
the bias to noise ratio and the path length, obtained by 100 tests. In the three graphs
in the lower part of the figure the red circle denotes the start point and the green one
denotes the target.

conditions worsen, the control becomes more and more stochastic. As a practical
example in the E. Coli case, when the bacterium doesn’t sense any food gradi-
ent it proceeds by a random walk, given by straight (deterministic) movements
alternated by random changes in the direction due to tumbles. When the food
concentration increases the frequency of tumbles is reduced and therefore the
behavior becomes more and more deterministic.

This simple, biologically inspired framework revealed to be very robust and
perform well in many applications of artificial systems, for instance for robot
navigation, control of pneumatic actuated robotic arms or even routing in overlay
networks [9].

While the robot presented in [6] has basic behaviors already implemented at
a low level, we aim at having the system determining on-line also these motion
primitives. A big advantage of this approach is that it can recover from unex-
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pected and even quite serious damages in the robot hardware, giving the system
a high robustness without the need of introducing any self modeling or damage
identification.

In other terms, using the approach presented in [6] when the robot finds
good conditions it increases the frequency of “deterministic” commands, i.e. “go
forward”. If due to a hardware failure, the behavior corresponding to such com-
mands will be different from the expected one the task will not be accomplished.
Imagine for instance to have a mobile robot with two wheels powered by inde-
pendent motors and that due to an encoder problem one of the motors starts
to rotate in the opposite direction. In this case when the “go forward” motor
command is provided the robot spins around itself and the target will never be
reached. With our approach, instead, the robot will explore new motor com-
mands, until it finds that rotating the motors in opposite directions the distance
from the target can be decreased.

In our experiments, the control signal u corresponds to the angular velocity
of each motor and the state x corresponds to the information coming from the
camera, i.e. the number of pixels whose color is similar to the target color.

To simplify as much as possible we decided to set f(u) as follows:

f(u) =
u

‖u‖
(2)

i.e. we maintain only the direction of u, and

A(x) = sgn(
dx

dt
) (3)

where sgn is the sign function.
Concretely, we simply apply a bias in the current direction if we are following

an increasing gradient, and bias in the opposite direction if the values of the
activity is decreasing and no bias in case of a constant activity.

3 ROBUSTNESS UNDER HARDWARE FAILURES

Using ODE5, we simulated a mobile robot equipped with three spherical wheels.
The two front wheels are directly actuated by two independent motors whose
maximum velocity is 0.5 rad/s while the rear wheel is free to rotate in any
direction. The task is to reach a red hemisphere of radius 4 m placed at a
distance of 30m. The robot is equipped with an omni-directional camera and
the value of x fed to the controller is the number of red pixels in the image,
determined by a filter that given the RGB components of each pixels counts the
pixels whose R component is more than double the maximum of the G and B
component values.

The controller receives information on the red pixels with a sampling fre-
quency of 0.2Hz a value and provides a 2 dimensional velocity command u. We

5 Open Dynamics Engine, a free library for simulating rigid body dynamics. For details
see http://www.ode.org.
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chose to employ such a low sampling frequency to validate the robustness of the
method even in case of low cost hardware with very poor performances. The
controller implements the discrete time equivalent of equation 1, expressly

ut+1 = ut + αA(x)
ut

‖ut‖
+ βη (4)

where

A(x) = sgn(xt − xt−1) (5)

We simulated four types of damages (see Figure 2):

1. the right wheel size is reduced to two thirds of its normal size
2. the right wheel becomes uncontrollable, i.e. its movement is completely ran-

dom
3. the right wheel rotation axis direction is turned 90 degrees along the Z axis

and becomes parallel to the longitudinal axis, i.e. the rotation of the wheel
instead pushing the robot forward and backward pushes the robot to the left
or to the right

4. 20% of the camera image becomes obscurated

We assumed η ∼ N (0, 1) as a Gaussian variable of variance one and studied
the behavior for several values of α (the scaling coefficient of the bias) and β
(the scaling coefficient of the noise). In particular for each condition (no damage
or one of the damages listed) we determined the time spent contacting with the
goal over 20000 seconds. Each condition is simulated one time for 128 different
positions of the target, in particular assuming the robot’s chassis is placed at
(0,0) we set the target in each of the positions as (R · cos(θi), R · sin(θi)), θi =
i·2π
128

, i = {0, . . . , 127} where R = 30 m.
The bias should be strong enough to drive the robot toward the target in short

time but small enough not to keep performing the same action if the reduction
of the distance to the goal is too little. We can expect therefore the existence
of an optimal value of the bias. This intuitive idea can be easily exemplified
simulating the movement of a point in the Cartesian plane. Expressly suppose
a point to be initially at the origin and assume the presence of a target point,
(1, 1) in Fig. 1. Define the velocity as

vt+1 = α
vt

‖vt‖
∗ sgn(∆) + βN (0, 1) (6)

where ∆ is the variation of the distance to time t to time t−1. If the α/β ratio is
too low, although the bias eventually drives the point in proximity of the target,
much time is required to reach the goal because of unnecessary path deviations.
Conversely, suppose to have a very high α/β ratio. Then, when the velocity
becomes nearly tangential to the path that leads to the target, even though it is
slightly in the direction of the target, the point keeps moving in that direction,
which results in traveling long paths that only achieve a short reduction of the
distance to the goal.
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(a) (b) (c)

(d)

Fig. 2. The four damages simulated. (a) Reduced size of one wheel. (b) Uncontrolla-
bility of one wheel (c) Rotation of the rotation axis of one wheel (note the direction of
the stripes) (d) Obscuration of part of the acquired image.

We can ask ourselves whether the optimal bias is constant or changes in
case of hardware damages. The reaching experiment was therefore repeated for
different settings of the values of α and β both for the undamaged robot and for
the four robot conditions described beforehand.

Figure 3 depicts the results for the undamaged robot and for the four damages
previously listed. The x and y axis indicate the values of α and β respectively,
while the color represents the performance, in terms of ratio between the time
spent touching the target and the total simulation time (20000 seconds). For
all damages the graphs presents non zero values, i.e. the robot is able to reach
the target and touch it. It is worth to notice that some damages, especially the
rotation of the rotation axis of one wheel, completely changes the effect of motor
commands. However, our simple algorithm is able to identify new efficient motor
commands on the fly, without the need of any failure detection.

As expected, a completely deterministic behavior (β = 0) is often not able to
drive the robot to the target, since, without “exploration” of motor commands
done by the random part, the system can just provide a single type of motor
command. Similarly when α = 0 the probability of touching the goal with a
completely random movement is so low that in no experiment the robot could
reach the target within the simulation time.

We can see that the color zones are approximately triangles departing from
the origin, i.e. the performance depends just on the ratio between α and β and
not on their value.

Figure 3(f) shows the average performance for various α
β

ratios. We notice

that for the first type of damage (reduced wheel size) a ratio close to 2 gives
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the best performances, while in the case of changed rotation axis the best per-
formance is obtained with α

β
≈ 2.5. The undamaged robot and the robot with

damaged camera instead performs best with α
β
≈ 3. For the uncontrollable wheel

higher values for α
β
, around 5, gives the best performance. In this case, probably

the noise introduced by the hardware itself reduces the noise required in the
control signal.

Observing Fig. 3, we notice that some damages seems easier to recover than
others, in detail the performance decreases more abruptly when the size of one
wheel is reduced and when the rotation axis is changed by 90 degrees, than when
the camera is partially obscurated or when one wheel become uncontrollable. In
these cases a lower α

β
is more beneficial, i.e. intuitively speaking when the task

is difficult it appears that the more stochastic the control is the better it is.

4 ROBUSTNESS TO REAL WORLD NOISE

Often the effect of noise, environment uncertainties and modeling errors prevents
algorithms to work in a real world setup. We validated the practical applicability
of our algorithm by using a mobile robot, namely B12 by Real World Interface.
The robot was equipped with a 640×480 Logitech webcam placed on an omnidi-
rectional mirror and an off-the-shelf mobile PC. A red blanket placed on a chair
was used as target, as visible in Fig. 4

As in the simulation experiment the control loop consists in acquiring the
image, counting the number of the red pixel, performing the biased random
walk and setting the motor velocities. Once again to show the applicability of
our approach even in case of very low-cost hardware, no particular hardware
choice or software optimization were performed, leading to a quite slow and
jittery control loop time, 861 ms with a standard deviation of 7.3 ms.

It is interesting to notice that the motor command space of the robot used in
the experiment is quite different from the one of the simulated robot. Expressly,
while the simulated robot has two driven-wheels independently actuated and a
third rear castor wheel, the real robot is a Synchro Drive platform, in which
one motor drives the wheels, while the other changes the wheel orientation.
However, since our approach makes no assumption on the hardware, no change
in the algorithm is required when passing from the simulation setup to the real
robot experiment. The only parameter adjustment required was the α/β ratio.
For the real world experiment, we adopted α = 0.8, β = 0.025, determined
experimentally with four trials to understand the order of magnitude.

The motors are equipped with encoders, which were used exclusively for
data logging and reconstruction of the robot path. The short length of the paths
covered by the robot in the experiments actually make the error accumulated
by the encoders negligible. A validation was nonetheless performed using image
processing on a video captured from the top of the experiment field.

Figure 4 shows some of the paths covered by the robots for different goal and
robot initial position settings. Initial distance were set with values from 164 to
364 cm, and for all the 11 tests performed by the robot achieved target reaching,
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Fig. 3. Performances (ratio between the time spent touching the target and the total
simulation time) of the robot for various settings of α and β: (a) Without any damage,
(b) Reduced size of one wheel, (c) Uncontrollability of one wheel, (d) Rotation of the
rotation axis of one wheel, (e) Obscuration of part of the image, (f) plot of α/β vs.
average performance.
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with times ranging from 32 to 167 seconds. The measured path lengths were
in average 3.38 times the optimal path. Notice that the performances could be
improved by tuning the α/β ratio.

Fig. 4. Paths covered by the robot for six different initial positions and goal settings.
Each path is drawn with a different color. Circles indicate starting points and squares
indicate end points (for some subsequent paths the starting point is the ending point
of the previous path).

To illustrate the robustness to the real world noise Fig. 5 reports the relation-
ship between the distance in a straight line to the goal, obtained off-line from the
encoder values, and the number of red pixels measured during the robot motion.
We can notice that, although the number of pixels is approximately a decreas-
ing function of the distance, for similar distances we often have very different
values for the number of pixel and conversely for a similar number of pixels the
distances can be very different. Impressively, despite these strong uncertainties,
in the actual target distance our simple algorithm was always able to drive the
robot to the goal in a reasonably short time.

5 CONCLUSIONS AND FUTURE WORKS

In this paper, we presented an approach for mobile robot control based on biased
random walk. The algorithm here proposed is actually biologically inspired, and
in particular is based on the Escherichia Coli chemotaxis. These bacteria per-
form a random walk, but they bias their movement toward food by decreasing
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Fig. 5. Relationship between the distance from the goal and the number of red pixels
measured during the experiments.

the number of random direction changes when the concentration of attractants
increases.

We showed that biased random walk in the motor command space can be
sufficient to drive a robot toward a goal without any knowledge of the robot
structure. More importantly, since we make no assumptions on the actuators of
the robot, in case of hardware failure the control is able to adapt to the new
hardware conditions without the need of self modeling or failure identification.

We validated the methodology both by simulation and real world experi-
ments. In detail, we showed that a mobile robot equipped with an omnidirec-
tional camera is able to reach the goal even in case of severe damages to the
sensors and actuators. The robot was hindered by damages similar to the ones
which could occur during a Middle-Size RoboCup match. Our simple algorithm
proved to be effective even in case of strong environmental noise, a big problem
for all real world setups. We finally provided an experimental study on the op-
timal bias in the random walk, and showed that performances can be optimized
by adjusting the ratio between α and β. The results suggest that the optimal
bias is proportional to the random term with a coefficient dependent on the
hardware. Initial tests seems to suggest that the bias should be higher in case
of stronger damages, but this should be investigated more systematically with
a clear definition of the “strength” or “hardness” of damages. Automatic esti-
mation of the optimal bias will be tackled in future works. We notice, though,
that even if the value is not optimal, the robot is still able to accomplish the
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task, i.e. choosing the optimal value of the ratio can increase the performances
but suboptimal values are still sufficient to achieve the task. Future works will
also aim at identifying whether other types of noise, like Levy walk, are more
efficient than Gaussian Noise. The current experiments will finally be extended
by the inclusion of fixed and moving obstacles to study the collision avoidance
performance of our algorithm.

This paper solely aims at proving the feasibility and robustness of the very
simple and biologically inspired approach of biased random walk in the motor
command space. Obtaining high performance in terms of reaching time is out
of scope. No performance comparisons were therefore performed with classical
approaches like potential field navigation or reinforcement learning, for which we
could actually expect better performances. However, we are able to notice that
the underlying assumptions are different. In fact, when virtual force fields [10]
approaches are used the results of the motor commands must be known a priori,
while our approach does not assume any knowledge on the underlying actuators,
as clearly appears by observing the difference in the structure of the simulated
and real robot. Using reinforcement learning the ignorance on the motors can
be overcome, but an appropriate and careful definition of states and rewards is
required to allow successful learning.
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