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Abstract— The goal of this paper is to solve the problem
of dynamic obstacle avoidance for a mobile platform using
the stochastic optimal control framework to compute paths
that are optimal in terms of safety and energy efficiency
under constraints. We propose a three-dimensional extension
of the Bayesian Occupancy Filter (BOF) [1] to deal with
the noise in the sensor data. We reduce the computational
cost of BOF by estimating the velocity of each cell using a
Kalman filter. While several obstacle avoidance systems have
been presented in the literature addressing safety and optimality
of the robot motion separately, we have applied the approximate
inference framework to this problem to combine multiple goals,
constraints and priors in a structured way. It is important to
remark that the obstacles can be moving, therefore classical
techniques based on reactive control are not feasible from the
point of view of energy consumption. Some experimental results
and conclusions will be presented.

I. I NTRODUCTION

Electric vehicles are nowadays becoming more and more
viable means of transportation due to expensive petrol costs
and the growth of renewable energies. Some of the most
important outdoor applications of this kind of vehicle are
surveillance and passenger transport. These tasks can be
improved by means of an autonomous vehicle navigation
system.

Autonomous navigation systems have been studied ex-
tensively in the literature [2] [3]. To achieve autonomous
navigation, a system should be able to perform perception,
localization, planning and actuation. While the first of these
uses on-board sensors to provide information about the
surroundings of the vehicle, the localization stage is usually
based on sensory information and a priori map to determine
the position of the vehicle. Once the vehicle position has
been determined, the planning stage determines the sequence
of actions needed in order for the vehicle to reach it’s goal
while satisfying constraints. Finally, the actuation stage is
responsible for executing the plan.

Vehicles navigating in an outdoor environment are com-
monly equipped with Global Positioning System (GPS) or
its enhanced version: the Differential GPS (DGPS) [4]. This
provides a global reference for the localization stage with
the accuracy of a few centimetres in the case of DGPS. On
the contrary, when a GPS receiver is in urban environments
with high buildings or trees, the signal can suffer multipath
fading or even Line-Of-Sight (LOS) blockage. In addition,
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Fig. 1. Seekur Jr. used in the experimentation

it is important to remark that the GPS signal is not strong
enough to penetrate inside tunnels which renders this sensor
inoperative in indoor environments.

To solve this kind of problem, some vehicle’s navigation
systems use a combination of a previous map with perception
information that comes from sensor fusion [5] [6] to guide
the vehicle through a mesh of connected way points. Such
maps are usually obtained in a semi-autonomous way [7].

Autonomous localization and mapping are two comple-
mentary problems. It is not possible to build a map if
the localization process is not able to provide an accurate
position estimate and it is impossible to locate a device
with high precision without an accurate map. The SLAM
(Simultaneous Localization And Mapping) techniques, using
GPS and vision [5], vision and laser [8] even using RF
range only sensors [9] [10] have been used to solve these
problems simultaneously, because the uncertainty in both
these processes can be reduced by doing localization and
mapping at the same time.

All mobile platforms include an obstacle avoidance system
within their planning or control stage. These systems ensure
that a vehicle navigates by avoiding the obstacles while
trying to reach its goal. Obstacle avoidance can be divided
into global and local approaches. While the former approach



assumes a complete model of the environment, such as the
potential field methods, the local methods can only guarantee
local optimality. However, computational cost is much lower
for local methods and they can be often implemented in
the form of reactive controllers. These reactive methods take
control of the robot when an obstacle is detected to prevent
collision. They use the nearest portion of the environment
and update the world model according to the current sensor
observation. Some representative examples are VFH+ [11],
curvature-velocity method [12], lane-curvature method [13]
and nearness diagram [14]. The main problem of these meth-
ods is that they do not take into account the dynamic changes
of the environment and assume that all obstacles are static.
This is, however, an unrealistic assumption especially when
the vehicle deals with a high uncertainty over the position,
shape and velocity of the obstacles and it is still a challenge
for real world applications [1] [15]. It also crucial to combine
the available sensory input in a structured manner. In [16]
the authors propose to formulate the planning problem as
inference in a graphical model. This framework allows to
combine sensory information, constraints and multiple goals
in the form of task variables that may be represented in
different spaces such as configuration space, end-effector
space (typical for reaching tasks) or even abstract spaces
such as topology based representations of the environment.
Hierarchical task variables can be constructed to provide both
low level control at the level of dynamics and high level
control at the level of task objectives.

In this work, we propose an obstacle avoidance system
that takes into account not only the safety of our vehicle
around the dynamic obstacles but also optimality of the
motion in terms of additional constraints such as the energy
consumption. We demonstrate how dynamic obstacles are
treated within our navigation system, and how the planning
stage can be improved by solving the problem within a
stochastic optimal framework. We compare several obstacle
avoidance techniques to evaluate the energy consumption of
our electric vehicle.

The rest of the paper is organized as follows: section 2
shows our navigation system; section 3 shows the proposed
method; section 4 shows the proposed experiments and the
actual results; and finally, section 5 shows some conclusions
and future work. It is important to remark that this represents
a work in progress that we hope to have finished for the
camera ready submission deadline.

II. D ESCRIPTION OF OUR NAVIGATION SYSTEM

This section provides a description of our navigation sys-
tem. Firstly we will describe the test-bed and the platforms
that we are using to test our proposal, and then we will
give a brief introduction to our perception, localization and
navigation stages.

A. Test-bed

The environment to test our system was established out-
doors, in the South Parking of the Polytechnic School at the
University of Alcaĺa (UAH). The environment dimensions

are approximately 70x70 metres (see Figure 2). In addition,
the surveying route has been marked in red colour, this was
a 330 metre long route.

Fig. 2. Real test environment and surveying route

The robot used in the experimentation was a Seekur Jr.
by Mobilerobots, with the following configuration: MacBook
Pro with Ubuntu 9.10 operating system, Player/Stage 3.0.1
control software, RTK-GPS Maxor GGDT by JAVAD, low-
cost GPS and stereo camera, two SICK LMS 151 outdoor
lasers, bumpers, encoders in the wheels and one Inertial
Measurement Unit (IMU) to reduce the uncertainty of the
odometry in the turns. Seekur Jr. is shown in Figure 1.

B. Perception stage

We assume there exists a redundancy in the perception
stage : two GPS sensors, odometry with IMU and encoders,
two laser range sensor (one in parallel to the ground and
the other one mounted at an angle); in order to ensure the
integrity of the platform and the obstacles. It is importantto
remark that our platform is a 77 Kg weight vehicle and it
is designed for speeds up to 1.2 m/s, therefore, the safety of
the platform and the obstacles is mandatory.

Although a 3D laser scanner would be the best choice for
range sensing as in [8], the actual cost of this kind of sensor
makes it unaffordable for a lot of applications. In our system
we are using two outdoor SICK LMS151 laser range sensors,
the first one parallel to the ground to measure the obstacles in
a plane with a maximum range of 50m, and the other range
sensor is mounted at an angle with respect to the ground
plane to obtain a flow of range data that can be combined
to produce a 3D scan of obstacles in close proximity as we
presented in our previous work [17]. Using information about
laser position and the robot’s action model, we can build
the map assembling all the slices in a 3D point cloud. See
equation 1 for the transformation matrix to convert the range
data into a scan line in sensor coordinates.
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α, β, θ are the pitch, yaw and roll angles of the laser
scanner, and the rotation expressions are shown in equation
2

R12 = sin(β)cos(α)cos(θ) + sin(α)sin(θ)
R13 = sin(β)sin(α)sin(θ)− sin(α)cos(θ)
R32 = sin(β)sin(α)cos(θ)− cos(α)sin(θ)
R33 = sin(β)sin(α)sin(θ) + cos(α)cos(θ)

(2)

This method is very sensitive to odometry errors and the
maximum range of the laser (50 m in our case). The effective
range of the sensor is therefore limited to the obstacles that
are approximately 20m away from the robot (see Figure 3
for an example of a car detection).

Fig. 3. Example of a car detection

C. Localization stage

In order to ensure the safety of the autonomous navigation,
we are using not only the redundancy in the perception stage
but also the redundancy in the localization stage. We use
a two level localization process to provide more accurate
vehicle positioning at any time, depending on the availability
of each system. The two systems in order of importance are:

1) RTK-GPS: the kinematic and differential GPS is based
on our Maxor GGDT by JAVAD system. We have a
base station installed in the Polytechnic School, and
we have checked an accuracy of our system, in static
conditions, of 2 cm in longitude/latitude and 3 cm in
altitude. This system represents the main and the most
accurate localization system when a good sky-view
is available. The receiver however, does not give any
output when the vehicle is close to a building where
the signal suffers from occlusion. In this case we use
the next localization level.

2) Low-cost GPS sensor and stereo vision fusion: based
on our previous work [5], we use a fusion between
a low-cost GPS sensor and a stereo vision camera to
maintain the localization average error around 4 m and
a reasonably low error at the moments of total GPS
signal loss. We will use the output of this system when
the RTK-GPS sensor does not give any output, that is,
when the sky is not viewed perfectly by the Maxor
GGDT.

III. PROPOSED METHOD

Although our prototype platform (Seekur Jr.) is capable of
running for up to 5 hours from the battery, it is necessary

for an electric vehicle to save as much energy as possible.
In this section we propose our method for avoiding dynamic
obstacles in three dimensions with a minimization of vehicle
energy consumption. We have improved the two stages of
our navigation system (perception and planning) to tackle
this problem.

The perception stage will detect the obstacles in 3D
using a laser scanner mounted at an angle and represent the
environment using a Bayesian Occupancy Filter (BOF) [1]
to be able to obtain a more robust estimate of the position
of the obstacles. The Pyramidal implementation of Lukas
Kanade optical flow algorithm [?] is also used to detect the
obstacle velocity relative to the vehicle. The grid now is a
dynamic occupancy grid where an estimation of velocity is
stored as well as the probability of occupation.

The planning stage will then use this grid to predict the
motion of the obstacles and optimize the trajectory based on
the energy consumption model. We assume that the power
demand is based on overcoming inertia, road grade, tyre
friction, and aerodynamic loss. This road-load methodology
was mainly introduced by [18]. The power demand (in Watts)
is the tractive power as defined by equation 3.

Pb = mv[a(1 + ε) + gZ + gCR] +
1

2
ρCDAF v

3 (3)

Where v is vehicle speed (assuming no headwind) in
m/s, a is vehicle acceleration in m/s2, ε is a mass factor
accounting for the rotational masses (≈ 0.1),g is acceleration
due to gravity (9.8 m/s2), Z is road grade (0.0 in our case),
CR is rolling resistance (≈ 0.009),ρ is air density (≈ 1.2
kg/m3), CD is aerodynamic drag coefficient (≈ 0.3),AF is
the frontal area in meters2 (in our case≈ 1 m2) andm is
vehicle mass in metric tonnes (in our case 0.077).

A. Probabilistic model of the dynamic environment

We have introduced the height in the Bayesian Occupancy
Filter in order to improve the perception stage. To take
into account that we can detect obstacles in 3D the laser
range sensor is mounted at an angle. The height has been
discretized at 3 levels,Z1, Z2 andZ3, with this criterion:
0m < Z1 < 0.5m (wheel height),0.5m < Z2 < 1m (main
body of the Seekur) and1m < Z3 < 1.5m (the height of the
robot with equipment mounted on the top). Figure 4 shows
the 3D Bayesian Occupancy Grid (3DBOF).

Fig. 4. 3DBOF



The relative velocities between the obstacle and the robot
are calculated along each axis (x and y), while the velocity
along the z axis is 0 due to the assumption that the robot
moves on a plane. First, we build a frame for each time
step with the laser data, like a zenith image of the obstacles
detected. After that, the velocities are obtained by computing
the optical flow between two consecutive frames. These
velocities are modelled using a Gaussian distribution. The
obstacle velocity is estimated by a Kalman filter that is
executed for each cell that exceeds a certain threshold of
occupancy in order to reduce the computational cost. The
global system is shown in figure 5

Fig. 5. Flow diagram of the perception stage

B. Optimal path planning using Approximate Inference

We have decided to formulate the path optimisation
problem within the Approximate Inference Control (AICO)
framework [16]. The state of the robot is defined byxt =
(rx, ry) - the position of the robot on the ground plane and
its derivative in the dynamic case. The transition probability
is defined by a linear control process with Gaussian noise:

P (xt+1|xt, ut) = N (xt+1|Atxt + at, Qt +BtH
−1BT

t )
(4)

given statext. The controlut has been integrated out to
simplify the equation. Our goal is to compute a path that
minimizes the expected cost:

C(x0:T , u0:T ) =
T
∑

t=0

cx(xt) + cu(ut) (5)

where cx(xt) is the state dependent cost andcu(ut) is
the control cost. The problem can now be described by a
graphical model:

p(x0:T , u0:T ) ∝ P (x0)
T
∏

t=0

P (ut)
T
∏

t=1

P (xt|ut−1, xt−1) (6)

·
T
∏

t=0

P (zt = 1|xt)

where P (ut) is the control prior reflecting the control
cost andP (zt = 1|xt) is the probability of receiving low
cost reflected by observing a random variablezt = 1. We
compute the posteriorP (x0:T |z0:T = 1) over the state
trajectories to solve the path planning problem using the
Gaussian message passing algorithm. This involves combin-
ing the forward, backward and cost messages to compute the
posterior marginal belief:

b(xt) = µxt−1→xt
(xt)µxt+1→xt

(xt)µzt→xt
(xt) (7)

To compute the backward messageµxt+1→xt
(xt) an in-

verse of the matrixAt linearly approximating the state
transition is required (see [16] for more details). This ap-
proximation for a planar mobile robot using differential
drive produces a matrix that is not positive definite. We
can however rearrange the equation so that the inverse is
computed after combining the backward message with the
cost message:

b(xt) = µxt−1→xt
(xt)N (xt|v̄t, V̄t) (8)

V̄t =
[

Rt + (AT
t −K)V̄t+1atAt

]−1
(9)

v̄t = V̄t

[

rt + (AT
t −K)(v̄t+1 − V̄t+1at)

]

(10)

K = AtVt+1

[

Vt+1 + (Q+BH−1BT )−1
]−1

(11)

This problem is caused by the fact that the mobile
robot is non-holomonic and the state space representation
is redundant in terms of the forward velocitẏrd and the
velocity in the spatial coordinateṡrx, ṙy. This redundancy
is solved by combining the state transition with the cost
term in equation 8. The cost function in AICO is defined
by task variables. Each task variable defines a task space
and a squared metric is used to compute the cost inferred
in this space. However, inference-based path planning with
the linearized motion model and the holonomic constraint is
difficult even when the cost message is analytically combined
with the backward message. The reasoning behind this
is that the Gaussian distribution over the state space can
potentially assign probability mass to states that don’t satisfy
the holomonic constraint which causes sideways slipping in
the model. For this reason, we have excluded the orientation
from the state and we have added an additional cost term
to penalize for angular velocity instead. We assume that
arbitrary angular velocities can be executed and optimize for
low angular velocities. This reduces the complexity of the
state space by turning the holonomic constraint into a soft
constraint.

In order to achieve robustness and safety of our vehicle we
use a method that yields free paths which tend to maximize
the clearance between the vehicle and the obstacles based
on a Voronoi graph. The aim of the global planning is to
keep the vehicle at a safe distance from the surrounding
obstacles. We compute the initial path using graph search
on the Voronoi graph. This path is then used as AICO
initialization which helps to deal with local minima.



IV. I MPLEMENTATION AND RESULTS

In this section we describe the implementation of our
system and the experimental results. The results have been
obtained from the simulator of the Seekur Jr mobile platform.
The aim of our experiment is to show that our system
computes safe paths reaching the goal configuration opti-
mally with respect to energy consumption. The planner is
initialized using the path computed from the Voronoi graph
of the environment including only static obstacles. We have
used our improved 3D Bayesian occupancy filter to detect
the position and velocity of dynamic obstacles in the robot
coordinate frame which we have then mapped into the global
coordinate frame (See figure 6).

We use this information to predict the movement of these
obstacles. AICO is then used to compute the optimal trajec-
tory locally around the initial path. A set of task variables
has been used to define the optimality: position, energy
consumption (defined by equation 3) and collision avoidance.
The collision avoidance is achieved by inferring cost for
reciprocal distance to the closest obstacle. AICO works under
the assumption that the full state of the world, including the
motion of the obstacles is known. This is, however, no longer
true when the prediction made by 3DBOF is inaccurate. We
therefore update our prediction using the new observations
and discount the occupancy probability over time. We re-
plan the path if the prediction error reaches a threshold. The
planner therefore behaves similarly to a Kalman filter. Only
small changes in the environment between two time steps are
expected. In such situations AICO requires only one itera-
tion to converge which makes re-planning computationally
affordable. Figure 6 shows the path computed by our method.

In our experiments we have simulated an environment
with static and dynamic obstacles. The task was to reach
the goal position while avoiding all the obstacles. Static
and dynamic obstacles have been treated similarly, except
that position of the dynamic obstacles has been updated
by predictions computed using BoF. We have applied our
proposed method to perform the task while avoiding the
obstacles and minimising energy consumption. Figure 6
shows results of the path optimization and figure 7 shows
the predictions about the environment.

V. CONCLUSIONS AND FUTURE WORKS

In this paper we have presented a novel method for
avoiding dynamic obstacles taking into account not only the
integrity of the system but the minimization of the energy
consumption. We have proposed an extension of the Bayesian
Occupancy Filter proposed by [1] to a three-dimensional
method. We have added the height in the grid and we
are dealing with the velocity of each cell represented as a
Gaussian distribution similar to Kalman filtering.

We have proposed an obstacle avoidance stage that pro-
duces a global plan by exploiting the Voronoi graph. We then
use this path as initialisation for our inference frameworkand
we combine multiple task variables to obtain the optimal path
based on obstacle clearance and energy consumption.

Fig. 6. Two examples of optimal paths computed using AICO. Starting
and goal positions are marked by the green and red dots respectively. The
covariance ellipses are overlaid.

Fig. 7. The left and right pictures show the simulated environment and
sensing results respectively. Green and red dots representmoving obstacles
detected at current time steps and predicted obstacle positions in 2 seconds
time respectively. Static obstacles are shown in blue.



This work represents a work in progress and we intentd to
evaluate our approach in a near future and compare it with
other obstacle avoidance methods like VFH+, ND and LCM.
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