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Special Issue about Advances in Physical Agents
Miguel Cazorla and Vicente Matellan

Abstract—Nowadays, there are a lot of Spanish groups which
are doing research in areas related with physical agents: they use
agent-based technologies concepts, especially industrial applica-
tions, robotics and domotics (physical agents) and applications
related to the information society, (software agents) highlighting
the similarities and synergies among physical and software
agents. In this special issue we will show several works from
those groups, focusing on the recent advances in Physical Agents.

Index Terms—Physical Agents.

I. ADVANCES IN PHYSICAL AGENTS

THIS issue of the Journal of Physical Agents (JoPhA)
contains a selection of papers related with Physical

Agents from different Spanish groups. With this issue we start
a series, which will provide a “big picture” of the current state
of the art of this research at Spain. As a summary of this
special issue, below you can find a brief description of the
papers.

The first one Control of Autonomous Mobile Robots with
Automated Planning presents an approach for the control of
autonomous robots, based on Automated Planning (AP) tech-
niques, where a control architecture was developed (ROPEM:
RObot Plan Execution with Monitoring). The proposed ar-
chitecture is composed of a set of modules that integrates
deliberation with a standard planner, execution, monitoring
and replanning.

The second one Efficient Plane Detection in Multilevel Sur-
face Maps describes an automatic system aimed at producing
a compact tridimensional description of indoor environments
using a mobile3D laser scanner. The resulting description is
made up of a Multi-Level Map (ML map) and a series of plane
patches extracted from the MLSM. Authors propose a novel
plane detection algorithm, based on the efficient RANSAC
algorithm, that operates directly over the data structures of
aML map and does not need to rely on the low level laser
data cloud.

The third paper of this issue Motion Planning for Omnidi-
rectional Dynamic Gait in Humanoid Soccer Robots deals with
the problem of planning the Center of Mass (CoM) trajectory
of a humanoid robot while its feet follow an omnidirectional
walking pattern. This trajectory should satisfy the dynamic
stability criterion to ensure analytically that the Zero Moment
Point (ZMP) lies within the support polygon. The proposed
approach provides flexibility and agility to humanoid robots,
which is of special interest in highly dynamic environments,
such as soccer robotics.

Miguel Cazorla is with the University of Alicante, Spain.
E-mail: miguel.cazorla@ua.es

Vicente Matellan is with the University of Leon, Spain.
E-mail: vicente.matellan@uleon.es

The fourth selected paper Robust Behavior and Perception
using Hierarchical State Machines: A Pallet Manipulation
Experiment presents the computational architecture and results
obtained from a pallet manipulation experiment with a real
robot. To achieve a good success rate in locating and picking
the pallets a set of behaviors is assembled in a hierarchical
state machine. The only sensory sources of information avail-
able to the robot are a binocular vision system and its internal
odometry.

The fifth one Combining invariant features and localization
techniques for visual place classification: successful experi-
ences in the robotVision@ImageCLEF competition focus on
the optional task of the RobotVision@ ImageCLEF competi-
tion, which consists of a visual place classification problem
where images are not isolated pictures but a sequence of
frames captured by a camera mounted on a mobile robot.
This fact leads us to deal with this problem not as stand-alone
classification problem, but as a problem of self localization in
which the robots main sensor only captures visual information.
Thus, authors base their proposal on a clever combination of
Monte-Carlo-based self-localization methods with optimized
versions of scale-invariant feature transformation algorithms
for image representation and matching.

The last paper of this issue Embedded Distributed Vision
System for Humanoid Soccer Robot presents a distributed
architecture for humanoid visual control using specific nodes
for vision processing cooperating with the main CPU to
coordinate the movements of the exploring behaviours. This
architecture provides additional computing resources in a
reduced area, without disturbing tasks related with low level
control (mainly kinematics) with the ones involving vision
processing algorithms.

To conclude this introduction, we would like to thank the
Spanish Network of Physical Agents (http://www.redaf.es)
which provides support for all the events related with physical
agents in Spain.
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Abstract—In this paper we present an approach for the
control of autonomous robots, based on Automated Planning (AP)
techniques, where a control architecture was developed (ROPEM:
RObot Plan Execution with Monitoring). The proposed architec-
ture is composed of a set of modules that integrates deliberation
with a standard planner, execution, monitoring and replanning.
We avoid robotic-device and platform dependency by using a
low level control layer, implemented in the Player framework,
separated from the high level task execution that depends on the
domain we are working on; that way we also ensure reusability
of the high and low level layers. As robot task execution is
non-deterministic, we can not predict the result of performing
a given action and for that reason we also use a module that
supervises the execution and detects when we have reached the
goals or an unexpected state. Separated from the execution, we
included a planning module in charge of determining the actions
that will let the robot achieve its high level goals. In order to
test the performance of our contribution we conducted a set of
experiments on the International Planning Competition (IPC)
domain Rovers, with a real robot (Pioneer P3DX). We tested the
planning/replanning capabilities of the ROPEM architecture with
different controlled sources of uncertainty.

Index Terms—Automated Planning, Autonomous Robots,
Robotic Architectures, Mobile Robots.

I. INTRODUCTION

INTELLIGENT agents, such as mobile robots, are used in
dynamic environments that entail sensor noise, in addition

to the uncertainty of task execution on the real world and the
difficulty of environment modeling. This represents a major
challenge when applying any control technique to robotics.

Many approaches have been presented so far to coordinate
sensing and acting in robot control. Most previous work
implements reasoning in robotic tasks as reactive systems, with
very little deliberation. In our work we propose the use of
Automated Planning (AP) [1] to implement the deliberative
step between observation and action execution. The field of
AP has a remarkable activity but most of its research is done
on theoretical domains of great scientific interest, that are
implemented in real life only in the solution of problems
within specific contracts, with private or public organizations.
This is due to the complexity and cost involved on reproducing
the problems of scientific interest in reality. Nevertheless,
nowadays the AP field is receiving much attention from
various production sectors such as logistics [2], satellites [3],
[4], critical and control decision systems [5], [6], and even
military operations and evacuation [7].

The difficulty of applying AP to robot control arises when
we have to generate an accurate description of the control
tasks, which is essential for the planning process. We over-
come this challenge by including supervision to the task
execution. This provides us with replanning capabilities. By
including monitoring we can generate new plans to reach the
final goals when the initial plan fails. So, with our work we are
proposing a solution that will allow us to partially deal with
the environment uncertainty (which is a common problem to
all robotic control approaches) and will also allow us to apply
planning to real world problems.

One of the weaknesses of most robotic control systems is
that they are commonly linked to specific robotic devices.
In our approach we solve this problem by separating the
robot-platform control from the high level deliberation. AP
techniques could also be applied to low level control but in
this research we focus on high level task planning. Monitoring
could also be done at the low level but for now we are just
focusing on high level.

In the planning step we use an environment model -
dynamically created from the sensors (low level) information
- and manage high level task execution. By translating the
high/low level information we achieve the mentioned control
level independence. And by making use of AP techniques
we benefit from its standard definition language; obtaining
domain, problem and planner independence.

Our approach was tested on a real robot (Pioneer P3DX)
using the International Planning Competition (IPC1) domain
Rovers. This domain is inspired on the Mars exploration rover
missions, and allows us to represent a set of mobile robots
that can traverse waypoints on a planet, collecting samples
and sending data to a lander. Problems involve task and path
planning.

The rest of the paper is organized as follows. In Section II
we introduce automated planning. In that Section we also
introduce the Rovers domain. In Section III we describe
the ROPEM architecture that allowed us to carry out our
contribution. In Section IV, we discuss the experiments we
conducted in order to test the proposed approach. In Section V,
the related work is presented. And finally, the conclusions and
future work are summarized in Section VI.

1IPC: http://ipc.icaps-conference.org/
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II. AUTOMATED PLANNING

On this work, we focus on the classical AP approach (also
known as STRIPS planning) with action costs. A STRIPS
planning problem with action costs can be defined as a tuple
P = {F,A, I, G, c}, where:

• F is a finite set of grounded predicates and functions
• A is a finite set of actions, being each ai ∈ A composed

of preconditions establishing when the action can be
applied, and effects, consisting of elements of F being
added or deleted from the current state after ai is applied

• I ⊆ F is the initial state, i.e. a subset of F that represents
the set of grounded literals that are true at the start of the
planning process

• G ⊆ F is the set of goals, i.e. a subset of F that must
be true for the problem to be solved, and

• c is a function c : A �→ R+
0 that defines the cost of each

action
A solution of the planning problem P is an ordered list
of actions Π = {a0, a1...an} |ai ∈ A, which applied to
the initial set of facts I results in a state where all the
elements of G are true. The cost of the plan Π is defined
as C(Π) =

�
ai∈Π c(ai).

One of the main advantages of AP is the availability of
a standard representation language, Planning Domain Defi-

nition Language (PDDL [8]). PDDL permits us to represent
domains (objects of different types, predicates and actions)
and problems (initial state and goals), providing us with
planner/domain independence and nowadays also allowing us
to take into account action costs, state preferences, and action
durations. But specification of accurate action models for
addressing AP tasks in the real world, like robotic control,
is complex. Current technology does not allow us to extract
all the information about the environment, so our vision of
the world through sensors can not be fully informed. Even in
traditionally easy-to-code planning domains, it is complex to
specify the potential outcomes of actions when the environ-
ment is non-deterministic. So, most of the time the success
of the AP systems fully depends on the skills of the experts
that define the action model. In the real world defining these
models is particularly difficult because of the action execution
uncertainty, especially in the environments where autonomous
robots are used. Furthermore, due to the above, generated plans
can not always be successfully completed in reality.

Deterministic planning does not seem useful for control
systems by itself, but it can be improved to take advantage
of the benefits it provides (like domain/planner independence,
long-term reasoning and explicit representation of states, goals
and actions). Real world difficulties can be overcome by su-
pervising the execution and planning process, and the planning
community is currently developing systems for the acquisition,
validation and maintenance of AP models to improve the
knowledge representation issues (like for instance, integrating
planning and learning to improve execution [9]).

For non-deterministic environments, probabilistic planning
techniques can be used. And there is also a standard repre-
sentation language Probabilistic Planning Domain Definition

Language (PPDDL [10]) for this planning approach. This

language allows us to include information about the probabil-
ities of different effects of action execution, allowing a more
realistic representation in some domains. For now, we focus on
classical planning and we deal with the uncertainty by adding
monitoring. The reason is that the use of probabilities com-
plicates the planning process and generating the probability
models is difficult.

We tested the performance of our approach using the IPC
domain Rovers. The Rovers domain is inspired on the control
of planetary rovers. A set of rovers navigate a planet surface,
finding samples and communicating this information back
to a lander spacecraft. The domain includes the following
objects: rovers, their stores, cameras, waypoints, soil/rock
sample waypoints, objectives, and a lander-waypoint where
the lander spacecraft is located.

Each rover is situated at a given location, and it can carry a
sample of a given waypoint or be empty. Taken samples may
or may not have been communicated to the lander. Each rover
will be able to:

• Take images of an objective with the calibrated camera.
• Traverse the path between two connected waypoints.
• Load soil/rock samples of a waypoint into the store.
• Transmit data for a sample or image.
• Empty the store.
To illustrate the domain definition with PDDL we are now

going to describe Rover domain specification. In Figure 1
we can see how to define a PDDL domain. In line 1 we
indicate the domain name, in 2 we specify that it is a typed
domain, and in lines 3 and 4 the types of objects present at
the domain are listed. In the case of this domain, the object
types are: rover, waypoint, camera, mode (for the modes that
the camera allows), lander (for the lander spacecrafts) and
objective (points to be photographed).

1 (define (domain Rover)
2 (:requirements :typing)
3 (:types rover store waypoint lander
4 camera mode objective)
5 ...

Fig. 1. Initial part of the Rovers domain PDDL definition.

In Figure 2 the predicates are declared, so we can rep-
resent the world states. For example, predicate at (line
2) is used to indicate the current location of the rover,
at-lander (line 3) indicates the lander spacecraft waypoint,
the predicates from lines 5 to 7 describe the rovers instru-
ments (equipped-for-xxx) and the predicates between
lines 17 and 19 describe the data communication objectives
(communicated-xxx-data).

Figure 3 shows the definition of the take-image action.
The parameters involved of the actions are declared in lines 2
and 3. The rover ?r takes an image of the objective ?o from
the waypoint ?p, with the camera ?i on mode ?m. Between
lines 4 and 9, the preconditions of the action are detailed. The
rover must be equipped for imaging (line 4), the objective has
to be visible from the current waypoint (line 5), the camera
involved has to be calibrated (line 6), be on the rover (line
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1 (:predicates
2 (at ?x - rover ?y - waypoint)
3 (at_lander ?x - lander ?y - waypoint)
4 (can_traverse ?r - rover ?x - waypoint ?y - waypoint)
5 (equipped_for_soil_analysis ?r - rover)
6 (equipped_for_rock_analysis ?r - rover)
7 (equipped_for_imaging ?r - rover)
8 (empty ?s - store)
9 (have_rock_analysis ?r - rover ?w - waypoint)

10 (have_soil_analysis ?r - rover ?w - waypoint)
11 (full ?s - store)
12 (calibrated ?c - camera ?r - rover)
13 (supports ?c - camera ?m - mode)
14 (available ?r - rover)
15 (visible ?w - waypoint ?p - waypoint)
16 (have_image ?r - rover ?o - objective ?m - mode)
17 (communicated_soil_data ?w - waypoint)
18 (communicated_rock_data ?w - waypoint)
19 (communicated_image_data ?o - objective ?m - mode)
20 (at_soil_sample ?w - waypoint)
21 (at_rock_sample ?w - waypoint)
22 (visible_from ?o - objective ?w - waypoint)
23 (store_of ?s - store ?r - rover)
24 (calibration_target ?i - camera ?o - objective)
25 (on_board ?i - camera ?r - rover)
26 (channel_free ?l - lander)
27 )

Fig. 2. Rovers domain PDDL predicates.

7) and support the photography mode we want for the picture
(line 8). Finally, the effects of the action are that we have the
image (line 10) and that the camera is no longer calibrated
(line 11).

1 (:action take_image
2 :parameters (?r - rover ?p - waypoint ?o - objective
3 ?i - camera ?m - mode)
4 :precondition (and (equipped_for_imaging ?r)
5 (visible_from ?o ?p)
6 (calibrated ?i ?r)
7 (on_board ?i ?r)
8 (supports ?i ?m)
9 (at ?r ?p))

10 :effect (and (have_image ?r ?o ?m)
11 (not (calibrated ?i ?r))))

Fig. 3. Definition of the take-image action in PDDL language.

III. ARCHITECTURE

In this section, the architecture that integrates planning,
execution, monitoring and re-planning (ROPEM: RObot Plan
Execution with Monitoring) is described. This is the first step
of a long-term goal that consists on integrating other tech-
niques for improving the autonomous robot control, refining
the different modules presented in this section and adding new
ones (such as several machine learning modules, that would
merge learning reactive behaviours, with learning control and
domain knowledge, for the deliberative planner).

In Figure 4 the system execution is described. ROPEM is
initiated by loading a domain (line 3) and a problem (line 4).
Right after that, we extract from the problem the information
about the navigation map (line 5).

Then, we receive the low level information (line 7) and
translate it (line 8) to the high level state. This process is also
performed after each action is executed, but it is done at this
point just to get the initial state. And we generate a plan with
a planner (line 10).

1 ROPEM (problem, domain, planner)
2

3 loadDomain(domain);
4 loadProblem(problem);
5 loadMap (problem);
6

7 lowLevelState = receiveLowLevelState();
8 highLevelState = lowToHigh(lowLevelState);
9

10 plan = generatePlan(domain, problem, planner);
11

12 while (!monitoringGoalsAchieved && executionCode != OK)
13

14 while (!monitoringGoalsAchived && executionCode == OK)
15 executionCode = executeAction (nextAction(plan));
16 monitoringGoalsAchived = checkSampleGoals();
17 lowLevelState = receiveLowLevelState();
18 highLevelState = lowToHigh(lowLevelState);
19 end-while
20

21 if (executionCode == REPLAN)
22 replanproblem = generateProblem(highLevelState);
23 plan = generatePlan(domain, replanproblem, planner);
24 executionCode = OK;
25 end-if
26

27 if (executionCode == ERROR)
28 print("Unexpected Error. Execution Ended");
29 end-if
30

31 end-while
32

33 terminateExecution

Fig. 4. High level description of the execution algorithm.

Once we have the initial plan to be executed we enter on
the global execution loop (lines 12-33), until the goals have
been achieved, replanning is needed or there is a failure.

From line 14 to line 19 we have the plan execution loop,
where we execute all the actions of the current plan. We
execute each action (line 15) obtaining an execution code.
After executing each action, goal achievement is monitored
(line 16).

Once the algorithm exits the plan execution loop (lines 14-
19), it analyzes the two exit conditions left (replanning and
error) for the global execution loop. If there is an execution
error (like a mapping mismatch or a device malfunction) it
stops the execution (line 27). If the execution code indicates
the need of replanning (line 21), then it generates a new
PDDL problem from the current high level state (line 22), it
executes the planner (line 23) with the same domain and the
new problem and continues with the global execution loop.

Now, each module of the ROPEM architecture (Figure 5)
is detailed.

A. Low Level Control

To achieve robotic-device independence, the actua-
tors/sensors management is all done by the low level control
layer that implements the basic control skills. This module
receives low level action requests and sends the appropriate
commands to the robot actuators, handling the corresponding
communication with the control platform server. In other
words, this module provides a set of basic skills that compose
a low-level control server interface that is going to be used
by the execution module (see Section III-B). This module is
also in charge of obtaining the sensor readings from the robot
after the execution of each actuator command.
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Fig. 5. ROPEM Overview.

The chosen control platform for commanding the robot is
Player [11]. Player is a (TCP) network server that provides an
interface for robot device (sensors/actuators) control, designed
to be language and platform independent. The Player project
includes simulation environments (2D, Player/Stage; and 3D,
Player/Gazebo) and other useful tools such as the monitoring
application playerv. This platform provides official support for
several languages and has non-official libraries for many oth-
ers, allowing ROPEM architecture to be as robot independent
as possible.

Given that this module has been implemented for mobile
robot bases in 2D, Player assures its reusability (with minor
changes) for any planar mobile robot and has been tested with
the real robot Pioneer P3DX.

B. Execution

To avoid control platform dependency, the execution is
separated from the low level control. That way, our approach
does not depend on control platforms or robotic devices.

The execution module receives the high level plan re-
sulting from the execution of a deliberative planner (see
Section III-D). Then, it executes one by one the high-level
actions of the generated plan and receives the resulting state
of the world after the execution of each action. The execution
is done as follows: each high level action is decomposed into
the corresponding low level actions (see Table I); then, each
one of the low level actions is executed by the low level layer
(see Section III-A); and once the execution of all these sub-
actions is finished, the resulting low level state is translated to
the corresponding high level state by the monitoring module
(see Section III-C), which at the same time verifies the goal
achievement.

High Level Actions Used Low Level Behaviours
Navigate moveTowardX, moveTowardY,

turnRight, turnLeft
Calibrate and Sample findBlob, gotoBlob,
Rock/Soil bumpCenter
Communicate Data sendEmail
Take Image saveFrame
Drop No low level behaviour (see section IV-C)

TABLE I
LOW LEVEL BEHAVIOURS CONFORMING EACH HIGH LEVEL ACTION.

C. Monitoring

It is difficult to predict the result of executing an action in
non-deterministic planning domains such as the robot control
ones, where the environment is dynamic. So, we need a
module that supervises the execution and detects when it can
not continue with the execution of the initial plan. Monitoring
can be done at the low level or at the high level. For our
work, we focus on high level supervision using a monitoring
module.

This module carries out the supervision of the plan execu-
tion and the achievement of goals by receiving information
from the execution module. To verify the execution state,
the monitoring module receives (from the planning module,
described in Section III-D) the goals of the problem to be
solved. On each execution step, aside from checking whether
the goals have been fulfilled, it also determines whether
replanning is required.

The current re-planing policy verifies if the preconditions of
the next action to be executed are satisfied. For example, in the
action navigate (shown in Figure 6), where the rover ?x
navigates from ?y waypoint to ?z, it verifies the following
three preconditions (:precondition) to determine if we
need to re-plan or not: check that the rover is available (not
performing another task), that it can go to the destination
waypoint and that this waypoint is visible from the current
one.

(:action navigate
:parameters (?y - waypoint ?z - waypoint

?x - rover)
:precondition (and (can_traverse ?x ?y ?z)

(available ?x) (at ?x ?y)
(visible ?y ?z))

:effect (and (not (at ?x ?y)) (at ?x ?z)))

Fig. 6. PDDL navigate action description.

As mentioned in the previous section (Section III-B), every
action (high level task) is decomposed into a set of low level
behaviors. Our system supervises the sensor readings (low
level information) after executing each low level action and if a
failure is detected, the execution of the high level action being
executed is considered erroneous. As the low level behaviours
are simple and executed in a short period of time, state changes
at both the low and high levels are going to be detected while
executing low-level actions.
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D. Planning

This module is in charge of executing the planner and
generating the sequence of high level actions that are going to
be executed. We use the SAYPHI planner [12]. SAYPHI is an
automated planner built with the aim of integrating various
machine learning techniques applied to planning. Actually
SAYPHI consists of a forward search planner like Metric-
FF [13], including many search algorithms. It also includes
four learning sub-systems, all of them competitors in the
first learning track of the International Planning Competition
(IPC) [14].

Given that we are using the standard PDDL domain de-
scription from the IPC, any deliberative planner could have
been used instead. The planner receives the PDDL domain
and a problem specified in the same format, and returns the
corresponding sequence of high level actions that have to be
executed in order to achieve the goals.

The planning module is also in charge of sending the
goals of the problem that is being solved to the monitoring
(see section III-C) in order to supervise the execution of the
proposed solution.

In case of replanning, the planning module (that already
knows the domain) will receive the high level state from the
execution module (see section III-B). Then the entire process
will begin again using this state as the new initial state.

IV. EXPERIMENTS

A first set of experiments (section IV-E) was conducted,
focusing on the planning and replanning capabilities of our
approach. The objective was to observe how our approach
behaved with two different sources of controlled uncertainty:
speed and obstacles. We executed two different problems
in two maps, with different speed configurations and in
presence and absence of obstacles. We wanted to test the
planning/replanning capabilities and the global behaviour of
the ROPEM architecture with these specific configurations.
Each experiment was executed five times and the presented
results are the average values obtained in all executions.

In the second set of experiments (section IV-F), a third
source of simulated uncertainty was introduced to illustrate
one of the issues that can be improved in the planning process.
We included a temporal component in order to study the action
durations, showing the importance of generating an accurate
task model in AP. In particular, we added duration to the
navigate action of the rovers domain and simulated dif-
ferent types of terrain affecting the real execution, illustrating
the gap that can be found between the observed real world and
our representation of it. Each experiment was executed once.

A. Experimental Setup

A Pioneer P3DX, equipped with sonar, bumpers and a
motor-base, was used along with a Logitech Sphere cam (with
PTZ capabilities). The control software was running in a PC
connected via USB to the camera (usb-usb) and the robot
(serial-usb).

The implemented low-level control module (see section
III-A) provides an interface that allows controlling the fol-
lowing sensors: sonar, motor base, camera (PTZ and blob
detection) and bumpers. For localization we used the odometry
information provided by the motor base of the robot (x, y and
yaw). This information was also used to locate the robot on
the waypoint map (Section III-C).

The grid to which the waypoints were mapped was drawn on
the floor, only for external monitoring during the experiments.
The robot did not use this drawn grid to orient itself. Figure 7
shows the robot in the test environment.

Fig. 7. P3DX Robot (Our Rover), on the test environment (our Mars).

B. Rovers Domain Implementation

For the experiments we implemented the Rovers domain
where, as stated in Section II, the objectives are to commu-
nicate a set of sample/image data to the lander, and problems
involve task and path planning. For example, the PDDL
formalization of a problem is detailed on Figure 8.

In line 1, the Rover domain is specified. Between lines
2 and 8, the objects are listed. In this problem, we use
the rover (p3dx) and its store (p3dxstore), the camera
(logitechsph), two waypoints (wp0 and wp1) and one
objective (obj1). From line 10 to 25, the initial state is
described. And in lines 26 and 27 the goals (communicating
an image of the only objective and the soil data of the only
soil sample) are specified.

C. Domain Mapping

In order to map high-level actions and states into sens-
ing/acting data and robot low-level behaviours, we use the
following representation mapping.

Navigate (Figure 9) is mapped to turn and move behav-
iors, orienting the robot in the direction of the destination
waypoint and moving it forward. First, we make the high
level verifications (position, connection and visibility between
waypoints). Then we determine the final orientation of the
robot with respect to the destination waypoint and turn it into
that direction, and move forward.
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1 (define (problem wafexample) (:domain Rover)
2 (:objects general - Lander
3 colour high_res low_res - Mode
4 p3dx - Rover
5 p3dxstore - Store
6 wp0 wp1 - Waypoint
7 logitechsph - Camera
8 obj1 - Objective)
9

10 (:init (channel_free general)
11 (available p3dx)
12 (at p3dx wp0)
13 (store_of p3dxstore p3dx)
14 (empty p3dxstore)
15 (equipped_for_imaging p3dx)
16 (on_board logitechsph p3dx)
17 (supports logitechsph high_res)
18 (calibration_target logitechsph obj0)
19 (visible wp0 wp1)
20 (visible wp1 wp0)
21 (can_traverse p3dx wp0 wp1)
22 (can_traverse p3dx wp1 wp0)
23 (at_lander general wp1)
24 (visible_from obj1 wp1)
25 (at_soil_sample wp0))
26 (:goal (and (communicated_image_data obj1 high_res)
27 (communicated_soil_data wp0))))

Fig. 8. PDDL Rovers problem description.

navigate (origin_wp, destination_wp)
isAt(origin_wp)
canTraverse(origin_wp, destination_wp)
is_visible(origin_wp, destination_wp)
orientateTO(destination_wp)
moveTowards(destination_wp)

Fig. 9. Navigate action mapping.

Calibration and rock/soil sampling are represented by joined
blob tracking and bumping actions. For instance, taking a
rock sample (Figure 10) is represented as: locating a blue
blob, reaching it and finally bumping that zone with the
center front bumper of the robot. Specifically, blob-tracking is
implemented as a simple blob-loop, with the camera panning
and a blob detection proxy (provided by Player). Before
executing any physical corresponding actions, the high level
verifications (position and store emptiness) are performed. We
used that representation for those actions, because we had no
actuator (like a gripper or a robotic arm) for performing the
actual actions.

sample_rock (sample_wp)
isAt(sample_wp)
isStoreEmpty()
findblPanning(blue)
aproachbl(blueBloob)
sampledRock(sample_wp)
fullStore()

Fig. 10. Sample-rock action mapping.

Taking an image is represented by capturing a real image
with the camera at the moment of executing this action, and
communication of (soil, image and rock) data is represented
as sending an email. The rest of high level actions are
not represented as any real physical action, because all the

actuators are already in use. For example, the drop action was
not included, because our robot does not have an arm that can
take real samples, so there is nothing to drop.

Also, in order to use the Rovers domain, the waypoints are
mapped to a grid. The mapping is done as follows: waypoints
are defined as an (x, y) pair; the distance between waypoints,
on the grid, is d; to differentiate between waypoints, a bound-
ing box of d2 is established for them; and to simplify, the
bounding boxes are adjacent to each other.

More details on the high and low level states mapping is
provided on the next section (Section IV-D).

D. Low/High Level States

The low level state consists of the following sensor readings:
odometry information, x, y and yaw real values; bumper
information, one binary value for each bumper, b1, . . . , b5;
the readings of the eight sonars, s1, . . . , sn ∈ R; and the
information of the largest blob (x-y coordinates, top, bottom,
area and color). The high level state is defined by the domain
predicates: at, calibrated, have-rock-analysis,
have-soil-analysis, have-image, etc.

The monitoring module translates the low level state to
the high level state for the execution module. Robot sensor
readings are translated to domain predicates after the execution
of each high level action, as defined in Table II.

In the first column of Table II we mention the used low
level values, in the second one we list the affected predicates
and in the last one we summarize the mapping function.

The odometry information (x, y and yaw) of the low level
is used to determine the current waypoint (at predicate) and
orientation. Each waypoint has a cell on a high level grid (see
Section IV-C). The current high level position is computed by
checking in which cell the x, y pair is located.

To represent that a sample has been picked up and loaded
in the robot store, we check that the blob of the corresponding
color has been found and successfully reached (maximum size
and sonar distance) and that the front center bumper has been
bumped. In this case, we make true the full predicate for that
store and the corresponding have-xxx-analysis. Notice
that when a high level task is executed, the domain action
preconditions are also checked (not mentioned on Table II).

E. Performance

We tested the ROPEM architecture performance with two
different problems on the same map. In Figure 11 an example
of the rock/soil samples placement and the waypoints from
which the objectives are visible is shown. On that graphic
representation, the gray waypoints are the external area, which
is represented in order to consider the case of the rover going
out of the map. Thus, rovers can be in that area (in case of
a failure execution) but not go into them intentionally. The
shown colors (yellow, blue and red) are the ones that were
assigned to the blob-tracking behavior.

The first problem used for the experiments consists of nine
goals, involving twenty waypoints (6 describing the map and
14 the exterior) and one rover (the P3DX robot). And the
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Low Level High Level Mapping
Robot r in position
x, y

(at ?x - rover ?y - waypoint) if x,y in cell w then (at r w)

Blob, sonar and
bumper data of robot
r (with store s)

(have-rock-analysis ?r - rover ?w - waypoint)
and (full ?s - store). (Sample location: waypoint w)

if max blue blob reached and
center bumper bumped then
(have-rock-analysis r w)
and (full s)

Blob, sonar and
bumper data of robot
r (with store s)

(have-soil-analysis ?r - rover ?w - waypoint)
and (full ?s - store). (Sample location: waypoint w)

if max yellow blob reached and
center bumper bumped then
(have-soil-analysis r w)
and (full s)

Blob data of robot r
(with camera c)

(calibrated ?c - camera ?r - rover) if max red blob found then
(calibrated r c)

TABLE II
LOW TO HIGH LEVEL STATES TRANSLATION.

second problem consists of communicating one sample of rock
data, one sample of soil data and one image data.

Two kinds of tests were conducted: the slow experiments,
that were done with a forward-speed of 0.2m/s and a turn
speed of 0.2rads/s; and the fast experiments, that were per-
formed with a forward-speed of 0.4m/s and a turn speed of
0.35rads/s. In the case of the experiments with obstacles, a
second remotely-controlled robot was crossed in the middle
of the rover trajectory five times, during the execution of
different navigate actions. The moving obstacle momentarily
crossed the path of the rover to simulate the case of another
rover exploring a close zone, in order to test the replanning
capabilities in that specific case.

� �

Fig. 11. Graphical representation of a problem.

1) Performance Results: Tables III and IV summarize the
experimental results for the first problem. The following
metrics (measure column) were established: number of initial
actions, total executed actions; number of replanning steps
performed; total execution time, in minutes; and total planning
and replanning time, in seconds.

Without obstacles (see Table III), in both speed configu-
rations, the total high-level executed actions is the same as
in the original plan. Given that higher speeds introduce more
failures in execution, in the fast executions, replanning was
needed, while in the slow configuration it was not. Despite
the fact that replanning was necessary because of the noise

Absence of Obstacles
Measure Slow Fast
Initial actions 59±0
Total actions 59±0
Replanning 0±0 3±0.4
Total execution time 17±0.7m 14.7±0.5m
Planning/Replanning time < 0.5s

TABLE III
SUMMARY OF EXPERIMENTS RESULTS FOR THE FIRST PROBLEM:

ABSENCE OF OBSTACLES, WITH DIFFERENT SPEEDS.

accumulation, caused by the turn and forward speedup, the
execution time was still reduced.

With obstacles (see Table IV), in both speed configurations,
the total high-level executed actions (71 in the slow configu-
ration and 74 on the fast one) is significantly increased with
respect to the number of initial planned actions (59). The
number of replanning steps needed were the same on both
configurations. Thus, the speedup did not affect significantly
the total execution time. But, in the case of obstacles, we did
not improve with the increase of speed.

Presence of Obstacles
Measure Slow Fast
Initial actions 59±0
Total actions 71±6.5 74±5.5
Replanning 20±9 20±5.5
Total execution time 15±0.3m 16.3±1.8m
Planning/Replanning time < 2s

TABLE IV
SUMMARY OF EXPERIMENTS RESULTS FOR THE FIRST PROBLEM:

PRESENCE OF OBSTACLES, WITH DIFFERENT SPEEDS.

In this problem, with our proposed configuration, the ob-
stacles represented a stronger source of uncertainty, while the
noise introduced by the speedup caused a smaller number of
replanning episodes.

The second experiment to test the ROPEM architecture, un-
like the first one, was executed only without obstacles because
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the objective was to observe the behavior of the ROPEM
architecture in smaller problems. Table V summarizes the
experiments results for the executions of the second problem.
The same metrics were used.

Speed Test
Measure Slow Fast
Initial actions 26±0
Total actions 26±0 22±2
Replanning 0±0 5±10
Total execution time 7.8±0.2m 4.8±1.5m
Planning/Replanning time < 0.4s

TABLE V
SUMMARY OF EXPERIMENTS RESULTS FOR THE SECOND PROBLEM.

SIMPLE PROBLEM WITH DIFFERENT SPEEDS.

The solution of this problem consisted of 26 actions (initial
plan), which is less than half of the previous problem solution.
The difference between the total executed actions (second row)
is because in some of the fast executions, the accumulation
of noise in the odometry made the robot accidentally go
into waypoints that shortened the path (i.e. moving forward
two waypoints at a time). As it is a small problem, only 5
replanning steps were performed on the fast configuration;
and no replanning was done on the slow one. In this problem
the total execution time was reduced to half with the fast

configuration; so the increase of speed was totally worth,
taking into account the insignificant amount of time consumed
by the replanning steps that the speedup noise caused.

In both problems the resulting replanning time was insignif-
icant with respect to the tasks execution time, so there would
be no need to include plan adaptation strategies at this point.

F. Navigation Time

Once the ROPEM architecture performance was tested, we
decided to analyze the action durations. We improved the
model by introducing a temporal component in the domain and
analyzed how the task execution uncertainty and the sensor-
noise caused by the environment can affect the action duration.

In order to introduce durations into the domain, for this part
of the experimentation, the classical specification of the Rovers

domain (used in the previous experiments) was modified. In
Figure 12 we show the changes, with respect to the original
domain, highlighted in red.

Two types of terrains (sandy and rocky) were added on
lines 5 and 6. Also, a temporal component was incorporated to
keep track of consumed navigation time (navigationtime,
line 33). The time that our robot takes to traverse from
one waypoint to another (with the slow speed configuration),
in reality, is around 6 seconds, so the navigationtime
fluent is increased 6 seconds every time a navigation action is
executed (line 40). To our robot, that time was almost constant
because we always worked in the same environment. The
terrain of the hallway of our laboratory (where we performed
all the experiments) does not present any irregularity. But that
is not realistic. A rover navigating the surface of Mars will

1 (define (domain Rover)
2 (:requirements :typing)
3 (:types rover waypoint store camera mode lander objective)
4 (:predicates
5 (sandy ?x - waypoint)
6 (rocky ?x - waypoint)
7 (at ?x - rover ?y - waypoint)
8 (at_lander ?x - lander ?y - waypoint)
9 (can_traverse ?r - rover ?x - waypoint ?y - waypoint)

10 (equipped_for_soil_analysis ?r - rover)
11 (equipped_for_rock_analysis ?r - rover)
12 (equipped_for_imaging ?r - rover)
13 (empty ?s - store)
14 (have_rock_analysis ?r - rover ?w - waypoint)
15 (have_soil_analysis ?r - rover ?w - waypoint)
16 (full ?s - store)
17 (calibrated ?c - camera ?r - rover)
18 (supports ?c - camera ?m - mode)
19 (available ?r - rover)
20 (visible ?w - waypoint ?p - waypoint)
21 (have_image ?r - rover ?o - objective ?m - mode)
22 (communicated_soil_data ?w - waypoint)
23 (communicated_rock_data ?w - waypoint)
24 (communicated_image_data ?o - objective ?m - mode)
25 (at_soil_sample ?w - waypoint)
26 (at_rock_sample ?w - waypoint)
27 (visible_from ?o - objective ?w - waypoint)
28 (store_of ?s - store ?r - rover)
29 (calibration_target ?i - camera ?o - objective)
30 (on_board ?i - camera ?r - rover)
31 (channel_free ?l - lander)
32 )
33 (:functions (navigationtime))
34

35 (:action navigate
36 :parameters (?x - rover ?y - waypoint ?z - waypoint)
37 :precondition (and (can_traverse ?x ?y ?z) (available ?x)
38 (visible ?y ?z) (at ?x ?y))
39 :effect (and (not (at ?x ?y)) (at ?x ?z)
40 (increase (navigationtime) 6)))
41 ...

Fig. 12. Rovers domain with navigation time.

traverse different types of terrains and that was one of the
motivations for this second set of experiments.

Based on this modified Rovers domain with navigation time,
we tested the effect of the terrain types on the navigation with
a simulated navigation delay. To sum up the work, it was
assumed that:

• a waypoint can only be of one type of terrain,
• the delay induced by each type of terrain is constant,
• the odometry is not affected,
• and the orientation tasks do not introduce any navigation

delay.
The goal was to study the effect of another controlled source
of uncertainty, as was the terrain types.

As stated before, the time spent by the real robot in
navigating from one waypoint to another, ignoring the previous
orientation process, is of around 6 seconds. We decided to
simulate how the terrain types affected this time instead of
working with different terrains in reality in order to avoid
introducing other sources of uncertainty. For simulating the
navigation delays, sleep commands were used during the
execution of the high level task navigate. Specifically, the
introduced delays were the following:

• 0 seconds, for the case where the origin and destination
waypoints are both sandy;

• 4 seconds, when the origin or the destination waypoint
are of type rocky;
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• and 8 seconds when both the origin and the destination
are rocky.

The resulting total navigation times to navigate from a given
waypoint to a consecutive one, are as follows: 6s for the case
of sandy-sandy, 10s for rocky-sandy and sandy-rocky, and 14s
for the rocky-rocky combination.

1) Navigation Evaluation: In order to study the effect of
simulated terrain types, we conducted a new set of experiments
in bigger maps and analyzed the navigation time of the robot.

  

Fig. 13. Map used on the first problem for navigation experiments.

For the first experiment of this set we executed a problem
on a 24 waypoints grid, where 8 waypoints represented the
map where the rover is supposed to navigate and the rest (16
waypoints) represented the exterior of that map. In Figure 13
we can see the graphical representation of this map. The gray
cells represent the exterior, the black cells represent the rocky
waypoints and the white ones represent the sandy waypoints.

For the second and third tests we used two different prob-
lems in a new map. This time the execution was performed
on a 36 waypoints map (Figure 14), with 22 waypoints
representing the exterior and 14 representing the navigation
map. Again, black cells are the rocky waypoints and white
cells are the sandy ones.

  

Fig. 14. Map used for the problems two and three during the navigation
experiments.

We used the slow speed configuration for all the executions,
and we executed one time each problem. In Table VI results
are summarized; we show the initial planned actions versus
the executed ones, the number of executed navigate actions
and the navigation/execution time.

Navigation
Measure Ex1 Ex2 Ex3
Executed/Planed Actions 59/59 75/72 92/114
Navigate Actions 31 56 66
Navigate Time (Domain) 3.1m 5.6m 6.5m
Real Navigation Time 7.6m 13.9m 16.4m
Total Execution Time 8m 15m 26m
Replanning Episodes 0 2 5
Planning/Replanning Time < 1s

TABLE VI
RESULTS OF THE NAVIGATION EXPERIMENTS.

Execution of the first two problems (Ex1 and Ex2 on the
Table VI) was completed, but the plan of the last problem was
not successfully completed due to the accumulation of error
in the odometry. With this last experiment (Ex3 on the table)
we noticed that the odometry stops being a reliable source
of positioning information, to locate the robot on the map,
during long runs, as expected. Thus, this first implementation
approach is not scalable to big problems (as is). Although
the monitoring and planning approach are useful to overcome
other types of challenges, the localization is a problem that
has to be solved apart.

Multiplying the navigate executed actions by the theo-
retical navigation time (6s), defined in the modified Rovers
domain, we obtain the Navigate Time (Domain) row. And we
can see that this time is far from the real navigation time in
all problems (see the Real Navigation Time row on Table VI).
This is due to the delays we introduced for terrain types. This
information is not represented on the domain and this shows
how the planning approach needs some help. The environment
modification is not being taken into account on the planning
process, so we need to include some technique that allows
us to extract this knowledge during execution as, for instance,
machine learning techniques that acquire domain models from
execution.

V. RELATED WORK

One of the first applications of Automated Planning (AP)
in robotics was for the generation and monitored execution of
robot plans [15] using the classic planner STRIPS [16].

Reactive approaches have also been used for robot con-
trol, like architectures based on Reactive Actions Packages
(RAPs) [17], [18]. RAP-based control systems, like other
control systems, commonly suggest three levels of abstraction
(execution, planning and hardware), similar to our structure.
The main difference with our work is that, for these ap-
proaches, a plan is a set of RAP pre-defined tasks, so they are
based on robot device-specific skills. In our approach we pull
apart the low (hardware) control from the high level trying
to gain platform independence. Reactive approaches usually
focus on the combination of reactive behaviours, while at the
moment, we focus on high level planning, using the PDDL
standard combined with low level skills.

Another example of planning techniques applied to robotics,
is the use of hierarchical planners [19] for robot control.
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Architectures that combine hierarchical task planning with
path planning, have been proposed [20]. Also hierarchical
approaches have been implemented extending behavior-based
architectures for robot control [21]. The disadvantage of using
this type of planners is that a custom hierarchical task networks
(HTN) have to be defined for each domain, complicating the
domain definition.

AP techniques have also been applied to real planetary
exploration, as with the Rovers that are currently on Mars [22].
This problem is particularly interesting, because it is a case
in which having a planning system that provides autonomy
is essential. In this case, AP techniques are not used on
board the rover, but on ground. Also, they used a different
planning paradigm, timeline-based planning, which lies closer
to scheduling. A two-layer architecture has been used in
real Rovers [4], focusing on interoperability of robot-control
software, integrating a decision layer and taking into account
high-level autonomy, as in our work.

T-REX [23] is an on-board system for planning and ex-
ecution applied to the control of autonomous underwater
vehicles in real oceanographic scientific missions. T-REX uses
an specific language (NDDL) to describe the domain, and
it is based on the notion of partition; planning is done at
different abstraction levels by different hierarchical modules,
each of one embedding a temporal constraints satisfaction-
based planner. Instead, we propose to use a standard planner
that reads a PDDL (Planning Domain Definition Language)
domain description and is able to control the robot on-board.
At the moment we are not focusing on domains where a
temporal component is essential, so we can not benefit from
T-REX advantages.

There have been recent developments in plan-based con-
trol of autonomous robots [24], where different approaches
used plan-based high-level and Structured Reactive Controllers
(SRCs), among others. Again, these approaches are closer to
the hardware and therefore are tight to the robotic devices.

Control systems combining opportunistic planning and re-
active techniques in the low level behaviors have been de-
veloped [25]. There have been contributions where high level
actions have been defined as behaviors themselves, close to the
current standard way of defining high level actions in PDDL.
The advantage of our approach again is that we can benefit
from any PDDL planner.

Autonomy systems for rovers control have been proposed
using probabilistic planning technology [26]. Partially Ob-
servable Markov Decision Process (POMDP) approaches have
been used for plan generation, taking into account action and
sensing uncertainty. For our contribution we decided to focus
on classical planning techniques and deal with uncertainty by
using monitoring and replanning.

We are currently improving the architecture that supports
our contribution in order to reach a system that fully sup-
ports planning, execution and monitoring, at low and high
level, as more generic approaches that have been recently
proposed [27].

VI. CONCLUSIONS

In this paper we have presented an approach for autonomous
mobile robot control, that integrates automated planning (AP)
techniques, execution and monitoring. We conducted a set of
experiments to test the performance of our approach on a
Pioneer P3DX, using the Rovers domain. We also evaluated
the effect of the environment on actions durations.

Regarding the ROPEM architecture, as the chosen robotic-
control platform (Player) provides support for different pro-
gramming languages, our approach is language independent.
Also, Player allows us to make the control code independent
of the planar mobile robot bases in 2D (with minor changes).
As we separated the execution from the control, we can reuse
the low and high level skills.

By applying AP we benefit from the standard language
PDDL that permits us to represent domains and problems,
providing us with planner/domain independence taking into
account action costs, state preferences, and action durations.

We are currently working on the integration of a navigation
time learning module for automatic generation of navigate
duration models, improving the planning process by taking
into account terrain types. And including different learning
modules to improve the planning process is also part of our
future work.

Our medium-term goals include improving some aspects
of the architecture, such as upgrading the localization system.
This will allow us to test the architecture scalability. Moreover,
we are going to study different sources of uncertainty to see
how they affect our approach.

As part of our future work, we will try to learn probabilistic
models from execution in order to apply probabilistic planning
approaches.
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Efficient Plane Detection in Multilevel Surface
Maps

V. Prieto-Marañón, J. Cabrera-Gámez, A. C. Domínguez-Brito,
D. Hernández-Sosa, J. Isern-González, E. Fernández-Perdomo

Abstract—An automatic system aimed at producing a compact
tridimensional description of indoor environments using a mobile
3D laser scanner is described in this paper. The resulting
description is made up of a Multi-Level Map (ML map) and
a series of planar patches extracted from the map. We propose a
novel plane detection algorithm, based on the efficient RANSAC
algorithm, that operates directly over the data structures of an
ML map and does not need to rely on the low level laser data
cloud. The mobile 3D scanner is built from a Hokuyo laser range
sensor attached to a 2DOF pan-tilt, which is installed on top
of a 3DX Pioneer mobile robot. The 3D spatial information
acquired by the laser sensor from different poses is used to
build a large single map of the environment using the SLAM
6D library. Experimental results demonstrate that the system
described is capable of efficiently building compact and accurate
3D representations of complex large indoor environments at
multiple semantic levels.

Index Terms—3D Maps, plane detection, multilevel surface
maps, laser scanner, SLAM6D

I. INTRODUCTION

EFFICIENT use of robots in a tridimensional environment,
be it indoor or outdoor, requires identification of struc-

tures and objects present in the world. These objects and
structures can often be described in terms of simpler forms
or primitives at different semantic levels. For example, indoor
primitives based on planes can be used to characterize most of
the elements conforming the environment. Their descriptions
and relative locations can be used to define the internal
representation or map that is to be used by the robots acting
in the environment.

Maps are built from information acquired from one or more
sensors. Numerous different sensors can be used to capture
information in a 3D scenario from cameras (monocular, stereo
or time-of-flight) or range sensors (sonars and lasers). Maps
may be topological or metric, but metric maps are the preferred
option when geometrical features from the environment, such
as distances, volumes or surfaces, are needed.

The problem of building maps in large and unknown envi-
ronments while the system orients itself, widely known as the
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SLAM problem, has been intensively studied by the robotics
community over the last ten years [1]. Basically, the problem
lies in incrementally adding new information to a map whilst
estimating the relative displacements between observations
and recognizing areas that have already been explored and
are present in the map. This problem in two dimensions has
been largely studied and —in general terms— is nowadays
considered solved. The latest achievements in SLAM, together
with the availability of faster sensors and processors, have
fostered an interest for extending the SLAM problem to 3D
scenarios with 6DoF observers, a context formerly termed as
unfeasible due to its high computational demands.

In the present work, we describe an approach that allows us
to construct 3D maps for large indoor scenarios using a mobile
robotic system equipped with a laser sensor mounted on a
pan-tilt unit. The resulting tridimensional representation of the
environment comprises two levels of description. At the lowest
level, a Multi-Level map (ML map) [2] is built integrating 3D
scans acquired from different poses. To offset odometry errors,
we address the inherent SLAM problem using the SLAM 6D
software developed by Nüchter et al. [3]. From the ML map
the system can detect planar patches using an algorithm that
is an optimized adaptation for plane detection of the efficient
RANSAC (eRANSAC) method [4]. These planar patches will
be used to define a second level of description in the 3D map
of the environment from which structures of higher semantic
level such as walls, doors, tables, etc, could be detected.

This paper is set out as follows: after discussing related
works in section II, the data acquisition system will be
described in section III. Section IV shows how the ML
maps are built. The plane detection algorithm in ML maps
will be explained in section V. Finally, several experimental
results and conclusions are discused in sections VI and VII
respectively.

II. RELATED WORK

Different approaches have been adopted to allow au-
tonomous mobile robots to build tridimensional maps of the
environment. Several methods use a tridimensional grid that
splits space into portions called voxels, whose values reflect
the occupancy of the corresponding space volume [5]. Other
authors have proposed using elevation maps, due to their
much lower memory requirements. In elevation maps, the
environment is represented by using a two dimensional grid
where each cell represents the elevation, i.e. terrain height, at
the corresponding point. These maps enable us to model large
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Fig. 1. An example of scenario with several surfaces crossing at different
heights.

environments as shown in [6]. However, elevation maps are
ill-suited to modeling scenarios containing structures crossing
at different heights over the vertical of a point (see figure 1).
Two examples are a table indoors or a bridge outdoors. In
order to avoid this limitation, Triebel et al. [2] propose mul-
tilevel surface maps as an extension to elevation maps. These
multilevel maps include, at every cell of a bidimensional grid,
a list of the traversable surfaces that exist in the corresponding
vertical. An improvement of the multilevel surface maps can
be found in [7] where they are formally described using a
probabilistic approach.

Detecting shapes in tridimensional data sets has been stud-
ied from different points of view. Starting from a 3D data
point cloud, in [8], a 2 1

2 dimensional structure was built
based on an incremental triangulation algorithm. Similarly, in
[9], the authors developed a plane detection method using a
more accurate range noise model for 3D sensors to derive from
scratch the expressions for the optimum plane which best fits
a point-cloud and for the combined covariance matrix of the
plane’s parameters. The parameters in question are the plane’s
normal and its distance from the origin. In other works, plane
detection is addressed by using the information extracted from
imaging sensors. A range imaging sensor is used in [10], with
the aim of segmenting images of indoor environments in terms
of horizontal and vertical planes by means of the Normalized-
Cuts algorithm. An approach by Hähnel, Burgard and Thrun
is presented in [11]. This work describes an algorithm for full
3D shape reconstruction of indoor and outdoor environments
with mobile robots by approximating environments using flat
surfaces. Other authors [12] present a method for obtaining the
location, size and shape of main surfaces in an environment
from points measured by a laser scanner onboard a mobile
robot. The most likely orientation of the surface normal is
first calculated at each point, from points in an adaptive-
radius neighboring region. In other cases, stereo cameras are
used, for example in [13], where an architecture for detection
and estimation of planar surfaces in the scene from calibrated
stereo images is presented.

III. DATA ACQUISITION

In this work, the data acquisition system is formed by a laser
sensor coupled with a pan-tilt, both installed onboard a mobile

robot. The laser sensor is a Hokuyo UTM-30LX with a scan
width of 270◦ and 30m detection range. The pan-tilt unit is a
PTU 46-17.5 from Directed Perception. It has two degrees of
freedom and it is used for scanning space in three dimensions.
A Pioneer P3-DX has been used as a mobile platform and as
the odometry data source.

The data acquisition system works in a move-and-stop way.
The robot is moved to a new pose and then a 3D scan is
taken. The pan-tilt is oriented with a pan angle α and, then,
while the pan-tilt sweeps between the tilt start angle γs and the
tilt end angle γe, the laser sensor takes range measurements
from the environment. The laser sensor returns one scan every
25 msecs. The tilt angular speed is adjusted to obtain an
angular separation between consecutive scans of ρ degrees at
the maximal speed allowed by the hardware.

To integrate new laser measurements into the map we need
to know the laser sensor orientation at all moment. The hard-
ware used does not have a hardware synchronization system,
so we have developed a software synchronization mechanism
that allows us to acquire new laser measurements while the
pan-tilt is moving between γs and γe. This synchronization
system avoids having to stop the pan-tilt every time the laser
initiates the acquisition of a new scan. The synchronization
algorithm takes into account the pan-tilt’s initial position when
the laser scan starts and calculates the vertical elevation angle
for every measurement returned by the sensor. The scan data
timestamp ts corresponds to the moment at which the laser
sensor starts acquiring a new scan. The resolution of the
Hokuyo UTM-30LX sensor is 1440 steps per revolution. The
timestamp of range measurement mp corresponding to step p
is:

tp = ts +
p

1440f
(1)

In this equation, f represents the laser beam rotation
frequency. If t0 is the instant when the pan-tilt began its
tilt movement, then the time difference or delay lp till the
measurement mp was taken is:

lp = tp − t0 (2)

The pan-tilt’s tilt speed is adjusted so that tilt angle changes
in ρ degrees while the laser beam completes a revolution.
Thus:

υ = ρ · f (3)

Thus, if lp is known, then, by using the pan-tilt’s trapezoidal
acceleration scheme, we can calculate the tilt angle γ at
which each measurement mp was taken. The pan-tilt uses a
trapezoidal acceleration scheme to achieve any velocity that is
greater than the so called base speed vb. The pan-tilt unit is
considered to be able to accelerate instantaneously from zero
to any speed up to vb. Then γ is calculated by interpolation
using this scheme.

The spatial coordinates c = (cx, cy, cz), corresponding to
the 3D point where the laser beam impacts, must be calculated
for each measurement returned by the laser sensor. Thus, it is
necessary to look for a transformation function f such that:
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Fig. 2. Data acquisition system envisioned as a kinematic chain. The system
is made up of a laser sensor (in red color, upper side) coupled over a two
degrees of freedom pan-tilt. In the figure, the base reference system is showed.

c = f(α, γ, λ,mp, u) (4)

If λ is the laser motor, i.e. beam, angle and u = (ux, uy, uz)
are the coordinates from the pan-tilt and laser sensor local-
ization. The transformation f can be easily found posing
this problem as a direct kinematic problem. From this point
of view, our system has three distinct joints. The first and
second joints coincide with the pan-tilt’s motors. The third
joint corresponds to the laser sensor motor, considering the
laser beam as another link of the chain (figure 2). The
transformation f can then be determined by means of the
Denavit-Hartenberg method [14].

A. SLAM

As equation 4 clearly shows, it is necessary to know the
pan-tilt and laser sensor 3D orientation in order to merge
the 3D scans taken from different places in a single map.
The location of each pose is approximated by using the robot
odometry. However, as is commonly accepted, odometry errors
may grow without limit due to wheel sleepage or calibration
errors. Specifically, one can expect odometry errors to increase
rapidly with distance and turns. Hence, this error must be
corrected in order to create a consistent map. To solve this
issue, we first collected all the 3D scans and then the whole
scan set was processed using the SLAM 6D package [3],
[15]. The SLAM 6D project includes software to register 3D
point clouds into a common coordinate frame. We used this
registration software to correct the localization of the poses.
This software matches 3D scans and it considers 6DoF for the
robot pose: x, y and z coordinates and the roll, yaw and pitch
angles. As a result, corrected poses are returned. We used the
corrected poses to solve equation 4.

IV. ML MAP BUILDING

The first description level of the environment is based on
Multilevel Surface Maps (MLSM) [2] and it is built using the
3D scans processed by the SLAM 6D package.

MLSM consists of a 2D grid where every cell ci,j stores
a structure list. Each element of this list is represented as the
mean µk

i,j and the variance σk
i,j of the measured heights at the

position of the cell in the map. Triebel et al.’s work [2] is aimed
at obtaining an environmental representation that allows for
robot navigation in tridimensional environments with several
traversable surfaces at different overlapped heights. So, in that
work, each list element (called surface patches) represents
whether the space at the height indicated by the mean µk

i,j ,
with an uncertainty equal to the variance σk

i,j , is traversable or
not. Our objective, however, is to obtain a map that allows us
to model and identify the objects present in the environment.
Accordingly, in our map each list element, called block,
represents a section of an object surface. This enables us to
obtain a map that represents a compact discretization of the
environment. This new approach introduces some differences
during map building.

Within our ML maps, each cell ci,j stores a list of blocks
bki,j . Each measure p = (px, py, pz) returned by laser sensor
is incorporated in a block so px ≥ j · cell_size and px < (j +
1) · cell_size and py ≥ i · cell_size and py < (i+1) · cell_size.
The cell_size parameter expresses the map resolution. Each
block is represented by a tuple (h, σ, d, π), where h is the
height, σ the variance, d the depth and π the plane containing
it (this last parameter will be explained in the next section).
There are two block types:

1) Horizontal blocks represent a section of the external
upper or lower surface of an object, for example: a floor
section or a ceil part, a table board, etc. This kind of
blocks has a depth equal to zero.

2) Vertical blocks, in turn, represent sections of vertical
surfaces of objects like walls or wardrobes.

When new measures are acquired, the height and variance of
horizontal blocks are updated using the Kalman update rule.
In vertical blocks, in turn, the height and the variance are
the height and variance of the highest measurement assigned
to the block. The depth of a vertical block is the difference
between the upper and lower measurements which fit in the
block. When new measures are acquired, the map is updated
as follows (see figure 3):

• Every time a new measurement (p, σm) is added, where
p = (px, py, pz) are the coordinates and σm is the
variance corresponding to the measurement, the cell ci,j
where the measurement fits is selected.

• In the block list of the cell ci,j we look for a block
(h, σ, d, π) that collects the new measurement. A block
collects a measurement if |pz − h| < cell_size and
|(h− d)− pz| < cell_size.

• If there is a block that collects the measurement and this
block is horizontal and |pz − h| < 3 ·σ, then the height
and variance of the block is updated using Kalman’s
update rule. In this case, the block remains horizontal.
If, in turn, the block is horizontal but we obtain that
|pz − h| ≥ 3 ·σ, then the block becomes a vertical one
with h = max(pz, h) and d = |pz − h|

• If the block that collects the measurement is vertical then
we simply update the block height or depth as needed.
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• If the new measurement is simultaneously collected by
two blocks (h1, σ1, d1) and (h2, σ2, d2), then both blocks
will be joined into a single vertical block and the old
blocks are removed.

• If the measurement is not collected by any block, or the
block list of the cell is empty, then a new horizontal block
will be created with h = pz and σ = σm, and added to
the list of cell ci,j .

V. PLANE DETECTION

In this project, we have developed an algorithm called
efficient RANSAC in Multilevel Surface Maps (eRMSM), as a
modification of the efficient RANSAC (eRANSAC) algorithm
[4]. While eRANSAC works in point clouds, eRMSM works
directly over the block structures of an ML map and it focuses
on detecting just planes.

If M is an ML map that collects a set of blocks bki,j , (i, j) is
the cell index pair where the block falls in and k is the block
index in the cell’s list, then the eRMSM algorithm detects
and returns a set of planes Π = {Π1, · · · ,Πn} in the map.
Furthermore, each block is labeled with an index i which
indicates that the block matches plane Πi. Matching between
a block and a plane implies that the block is close enough to
the plane and that the block is part of a block setting with
a similar orientation to the plane. When the algorithm stops,
each block bki,j will be represented as (h, σ, d, π) where π is
the index of the matching plane. A block that does not match
any plane will have π = 0.

Iteratively, the algorithm produces candidate planes that are
hypothesis of real planes. Each candidate plane (CP) obtains
a score that is defined as a function of the blocks matching
the plane. As in eRANSAC, at the end of each iteration the
CP with the highest score is accepted as a valid plane only if
the probability of not overlooking a better candidate is high
enough. However, in the eRMSM algorithm we have changed
the estimation of this probability. In our algorithm, the number
of CP needed to accept a plane as valid is significantly reduced
as we will demonstrate in the sequel. When a CP Π is accepted
as a valid plane, each block that matches the plane is labeled
with the index i of the plane. Once a CP has been accepted,
any other CP that matches the accepted plane is removed from
the CP list.

Before the algorithm begins, each block bki,j receives a
direction vector ν. This direction vector will be used so that
only blocks with a similar direction vector will produce a new
CP. This vector is the normal vector to a hypothetic surface
formed by the block bki,j and all the same kind of vertical
or horizontal blocks in a r radious neighborhood of the block
(see figure 4). To speed the process up, in eRMSM we use the
Chebyshev distance as the selected distance because it does not
change the result. Vector ν is calculated by using the principal
component analysis (PCA) [16]. As eRMSM does not work
over spatial coordinates, but over map blocks, we must supply,
from each block, some coordinates that allow to obtain a vector
ν ∈ R3. Two cases must be differentiated:
• Case 1: the block bki,j is horizontal. The horizontal blocks

are part of the upper or lower surface of an object such

Fig. 4. The direction vector attached to block Bi is normal to a hypothetic
surface formed by the block and all blocks of the same class (vertical or
horizontal) in a neighbourhood radius r.

as the board in a table, or even the oblique surface of an
object like a ramp. So, the direction vector that we are
looking for can have any orientation in space. In this case,
from the vertical blocks set BV = {bk1

i1,j1
, · · · bkn

in,jn
} that

exist in a setting with radius r of bki,j we can obtain
a point set PV = {p1, · · · , pn} where pi ∈ R3. Let
bkl
il,jl

= (hl, σl, dl, πl), then the corresponding point pl

is (il · cell_size, jl · cell_size, hl). PCA is applied to PV

to compute the normal vector to the surface that has the
PV elements.

• Case 2: the block bki,j is vertical. This block must be
part of a vertical object: a wall, a chair back, etc.
Hence, the direction vector in this block must be a
vector parallel to the ground then. In this case, from
the horizontal blocks set BH = {bk1

i1,j1
, · · · bkn

in,jn
} that

exist in a setting with radius r of bki,j we can obtain
a point set PH = {p1, · · · , pn} where pi ∈ R2. If
bkl
il,jl

= (hl, σl, dl, πl), then the corresponding point
pl = (il · cell_size, jl · cell_size). PCA is applied to PH

to compute the normal vector (vnx, vny) to the surface
that has the PV elements. Using this two dimensional
vector we get the vector VN = (vnx, vny, 0) which is
parallel to the ground.

Once each block has a direction vector assigned, Algorithm
1 is executed. The candidate plane list obtains the hypotheses
about planes in the environment. The detected plane list
obtains the hypotheses that have been positively tested. The
M variable represents the blocks list. Finally, pt is the lowest
probability considered valid to accept a hypothesis as a true
plane.

The candidate planes are generated randomly selecting a
block bk1

i1,j1
and two other blocks bk2

i2,j2
and bk3

i3,j3
close to

the first that have not been matched to any other accepted
plane. The neighborhood radius r is an algorithm parameter
that affects the algorithm’s behavior. If r is small, then the
three blocks may be part of the same surface, but the plane’s
orientation will be affected by errors of measurement. On
the other hand, if r is big, then the possibility of selecting
blocks that do not match the same surface increases, but if
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Fig. 3. Different cases when a new observation (numbered circles) is added to ML. For simplicity, the map is presented in 2D. (1) The new observation is
far from registered blocks, so a new block is created. (2) The new is close to the top or bottom of a vertical block. Then, its height or depth is updated. (3)
If the new observation falls inside a vertical block there are no changes. (4) The new observation is between and close enough to two registered blocks. In
this case, both blocks are merged into a single one. (5) The new observation is close to a horizontal block. If the new measure is very close to the block, the
height of the block is updated using the Kalman’s filter updated rule. If the new observation is further than 3σ wrt. the block’s, the block changes to vertical.

the blocks match the same surface, the increased distance will
compensate the measurement error. The three selected blocks
will generate a CP only if the angles between their direction
vectors are lower than a threshold θ.

Algorithm 1 Plane detection in a ML map M
1: Lp ← ∅ . detected plane list
2: Lc ← ∅ . candidate plane list
3: for i = 0 to Max_cp− 1 do
4: Lc ← Lc ∪ newCandidates(r, θ)
5: b← bestCandidate(Lc)
6: sc ← SimilarOrientationSurface(b)
7: if P (surface(b), sc) > pt then
8: . matching blocks are removed:
9: M ←M −Mb

10: Lp ← Lp ∪ b . CP that matches b are removed
11: Lc ← Lc − Cm

12: end if
13: end for

In earlier algorithms, the CP is determined as the plane
that includes the three selected points (see figure 5 (a) and
(b)). By contrast, to filter the surface localization error due to
measurement errors, our method determines the CP in another
way. The plane generated from the three blocks CP cpi is
determined as a point o and a normal vector to plane VN .
The point o is selected as the barycenter of the polygon with
the three blocks as vertex and the normal vector VN as the
mean between the corresponding direction vectors. This CP
represents a better hypothesis of a real plane (figure 5 c).

The way a score is assigned to each CP in eRMSM
algorithm also varies in relation to previous works. Since our
algorithm works with blocks, rather than point clouds, it is
not possible to assign the number of matching points to CP
as a score, so we propose a new score function. We will now
give a definition of matching between a block and a plane. It
is said that a block bki,j with a direction vector VD matches a
plane Π = (o, VN ) if:

• The distance from the block to the plane is d =
dist(bki,j ,Π) < ε.

Fig. 5. Different ways to determine a candidate plane. For simplicity, in
the figure the problem is depicted in two dimensions. a) Point observations
obtained for a measures set of a straight line. b) Determining a candidate line
as the line that best fit to three points. c) Candidate line defined as the line
with a normal vector that is the mean of the direction vectors of the three
points.

• The angle between the block’s direction vector and the
normal vector to the plane is β = arg(VD, VN ) < κ.

The thresholds ε and κ are system parameters that adjust
the goodness of the accepted CP as valid planes.

Each CP receives a score depending of the area of the sur-
face that is represented by the blocks that match that plane. To
normalize the probabilistic computations, the area is measured
in “surface units" su, where su = cell_size× cell_size mm2.
Then the CP score is S =

∑
sbi

, where sbi
is the area of

the surface represented by the blocks matching the plane. The
block surface depends on whether the blocks are vertical or
horizontal. In a vertical block bv the corresponding surface is
sv = d

cell_size . When the block is horizontal it has a surface
sh = 1. This score method, instead of counting the number of
matching blocks, as in the original method, has the advantage
of being based on a real indicator of the importance of the
plane in the real world. Hence, a CP that corresponds to a
large surface has more possibilities of being found early on.

The CP generated in this way is likely to have some
deviation in orientation with respect to the corresponding
real plane. This deviation is explained by measurement errors
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or due to the inclusion of neighboring blocks that in fact
do not belong to that plane when computing the block’s
direction vector. Thus, we apply a refitness process to each
CP. Whenever a new CP is created and scored we use the set
of blocks that match the CP to adjust the CP’s orientation using
PCA. In this case, we apply PCA to the set of blocks matched
by the CP to obtain the normal vector to this set. Subsequently,
this vector is used as the new CP’s normal vector. Finally,
the modified CP is scored again. This process is recursively
applied a predetermined number of iterations or when the score
enhancement, from one iteration to the next, is lower than a
given threshold (see algorithm 2).

Algorithm 2 Plane refitness procedure
Require: CPi, the new plane candidate
Ensure: The optimized CP: CPi

1: score = score_function(CPi)
2: repeat
3: old_score = score
4: normal = get_normal(CPi → matched_blocks)
5: modify_normal_CP (CPi, normal)
6: score = score_function(CPi)
7: until score− old_score < threshold

A CP is accepted as valid only if the probability of not
overlooking a better candidate is high enough. As we can
see in [4], if ℘ is a cloud of N data points and Ψ a shape
comprising n points, then the probability of detecting Ψ in a
single iteration is

P (n) =
(
n

k

)
/

(
N

k

)
≈
( n
N

)k

(5)

If k is the minimum number of elements needed to define
a shape —k = 3 for planes— thus, the probability P (n, s)
of successfully detecting a shape after s new candidates have
been generated is

P (n, s) = 1− (1− P (n))s (6)

Finally, the number T of candidates needed to detect a shape
of a size n with a probability P (n, T ) ≥ pt, where pt is the
minimum desired probability, is

T ≥ ln(1− pt)
ln(1− P (n))

(7)

Applying equations 5, 6 and 7, and assuming that we have
as an environment a corner formed by a ground section and
two walls, if the number of points in the cloud is equally
spread over the three planes, each plane has a third of the
total points. Then, as 5 shows, the probability of detecting the
ground in a single pass is:

P (n) ≈
(

1
3

)3

≈ 0.037 (8)

Hence, according to equation 7, the number of CP that we
need to detect the ground with a probability greater or equal
to 0.99 is:

T ≥ ln(1− 0.99)
ln(1− 0.037)

> 122 (9)

Clearly, with other shapes that represent less than a third
part of the total information, the number of candidates increase
significnatly as usually happens in realistic environments,
where most surface planes represent a small portion of the total
map. In the eRMSM algorithm, we have introduced changes to
estimate the probability of not overlooking a better candidate.
These changes considerably reduce the number of CP that is
necessary to generate before a plane is accepted as valid.

In our approach, CP are not generated from any three blocks
of the map. On the contrary, each CP is exclusively generated
from three neighboring blocks with a similar orientation and
therefore similar to the orientation of the plane itself. Exploit-
ing that fact, in eRMSM algorithm, if Π is a CP where sc is
the surface of the blocks matching the plane and let so be the
total surface of all blocks with a similar orientation to Π, we
can calculate the probability of finding the plane in a single
pass as

P (sc) =
(
sc

3

)
/

(
so

3

)
≈
(
sc

so

)3

(10)

In the example of three planes forming a corner, the
probability of finding the plane corresponding to the ground
in a single pass is 1, since sc = so and then

P (sc) ≈
(
sc

so

)3

= (1)3 = 1 (11)

In this case, we have enough with only a single generated
CP against the 123 candidates needed using the previous
approach. This method can validate CP spurious planes or
planes with little significance, i. e. with a small total surface
if the blocks matching the plane represent a high percentage of
all blocks with an orientation equal or similar to the generated
CP. To avoid this, a threshold accepting candidate planes only
with a score greater than a value sm and hence with a minimal
surface suffices.

The algorithm exit condition is reached when a given
number of candidates is generated.

VI. RESULTS

The system presented in this paper has been tested in several
locations of the main building of the University of Las Palmas
de Gran Canaria’s Technological Park.

In the first test, we steered the robot through the basement
and took 24 3D scans of the corridor (see figure 6(a)). The
corridor’s estimated dimensions are 40.4m long and 4.75m
wide. The corridor has perpendicular subcorridors 11m long.

No matter how carefully the acquisition system is placed on
board the robot, it will not be parallel with respect to the floor.
This inclination or deviation from horizontal causes a ”step
effect” in horizontal and vertical planes. The system solves
this issue by self-calibration. At the beginning, a scan of the
surrounding floor is adquired (see figure 7(a)). We then use
the eRMSM algorithm to detect the floor plane. The normal
vector to this plane is used to fix the system’s inclination.
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(a) (b)

Fig. 6. (a) Test scenario #1: Corridor of the Technological Park. ULPGC. (b) Test scenario #2: Robotics Laboratory of the Technological Park. ULPGC.

(a) (b)

Fig. 7. (a) “Step effect“ in an horizontal plane (Robotics Laboratory’s floor). (b) ”Step effect“ fixed using an estimate of the acquisition system’s inclination.

(a) (b)

Fig. 8. (a) Upper oblique view of ML maps generated from 24 poses at the corridor. The line represents the robot path and the points over the line are the
poses at which the scans were taken. (b) Planes detected in the corridor map. Grey zones represent blocks that do not match any plane. Each color represents
different planes.

We can appreciate in figure 7(b) how the “step effect” has
disappeared.

We used the Nüchter et al. SLAM 6D library [3] to cor-
rect the odometer location information returned by the robot
regarding the robot’s pose where the 24 3D scans were taken.
Once the poses are corrected, we build a map from the set of
measures taken in the 3D scans. A 3D visualization software
was developed to make spatial zooms and rotations of the map.
In figure 8(a) we can see an upper oblique view from a map of
the corridor generated using a 100mm cell size. For improved
visualization we have removed the floor and the ceiling from
the map. In addition, we can see the poses where the 3D
scans were taken from. This map allocates 44732 blocks.
Once the map has been generated, the eRMSM algorithm is

executed. With an implementation of the algorithm optimized
for a 2.4GHz quad-core processor, it is possible to identify 12
planes in 7.8 seconds.

In figure 8(b) we can see the corridor map where the blocks
that match any detected plane are depicted using different col-
ors. The largest planes in this map match about 1650 blocks.
Using the eRANSAC test it would be necessary to generate
1132 CP (see equation 7) to accept the first plane with a
probability greater than 0.9. Using our probability estimation,
the first plane hypothesis is confirmed after generating 50 CP
in 600ms. At the same scenary, we can see how the different
steps of a stair are intified by the system (see figure 9). It
is important that the lower steps are detected better than the
upper steps. The reason is that upper steps are parallel to laser
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Fig. 9. An example of stairs detection in the middle of the corridor depicted in figure 6(a). The bottom steps are closer to perpendicular to the laser beams
than the top steps, and thus they are detected better.

(a) (b)

Fig. 10. (a) Upper oblique view of ML maps generated from 8 3D scans taken at different poses in the Robotic’s Laboratory. The line represents the robot
path and the points over the line are the poses at which the scans were taken. (b) Planes detected in the Robotics Laboratory’s map. Grey zones represent
blocks that do not match any plane. Each color represents different planes.

beams, so the sensor does not receive an echo from these steps.

Figure 6(b) shows a new test scene. In this case, the scenario
is a laboratory 8.3m wide and 11.4m long. Figure 10(a) shows
a map generated using a cell size of 20mm. This map collects
196385 blocks. Fourteen different planes were detected in 4.6
seconds. As in the previous test, different colors in figure 10(b)
correspond to blocks that match different detected planes.

ML maps, as we have generated them, easily allow the
joining or fusion of different partial maps of adjacent spaces.
The laboratory shown in figure 6(b) and the corridor of figure
6(a) are contiguous rooms in the same building. Both spaces
were independently mapped using our approach, with the
results depicted in figure 10(a) and 8(a). We have been able to
generate a single map from the two data sets after the poses

were corrected using the SLAM 6D software. We can see the
resulting map in figure 11.

VII. CONCLUSIONS

This paper has described an approach to building compact
3D maps of indoor environments based on multilevel surface
maps. This kind of space representation allows us to describe
the scene with detail and balances spatial resolution and
memory cost appropriately. These multilevel maps are easily
scalable and versatile enough to provide sophisticated spatial
information without having to rely on low level data, i.e.
clouds of laser data points.

In addition, an efficient algorithm for detecting planes
using the multilevel surface maps (eRSMS algorithm) has
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Fig. 11. Single map of the corridor and the Robotics Laboratory after merging the 3D scans independently taken at both scenarios.

been proposed. A key feature of the eRSMS algorithm that
distinguishes it from the original eRANSAC algorithm is that
it does not need to generate a high number of hypotheses
in order to identify candidate planes with high probability.
Moreover, eRSMS is easily parallelizable, an attractive feature
that may be exploited on multicore processors.

While the system described in this paper has proved reliable,
there is considerable room for improvement. Future work will
be directed towards alleviating the off-line 6D SLAM pre-
processing and the associated computational cost by using ge-
ometrical features instead of the scan point clouds. Moreover,
the multilevel maps offer interesting possibilities to attempt to
label an indoor space semantically.
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Motion Planning for Omnidirectional Dynamic Gait
in Humanoid Soccer Robots

J.J. Alcaraz-Jiménez, D. Herrero-Pérez, and H. Martı́nez-Barberá

Abstract—This paper deals with the problem of planning the
Center of Mass (CoM) trajectory of a humanoid robot while its
feet follow an omnidirectional walking pattern. This trajectory
should satisfy the dynamic stability criterion to ensure analyti-
cally that the Zero Moment Point (ZMP) lies within the support
polygon. The proposed approach provides flexibility and agility
to humanoid robots, which is of special interest in highly dynamic
environments, such as soccer robotics. The experimental results
show that the proposed method permits on-line calculation of
omnidirectional stable trajectories in the commercial humanoid
platform NAO, which has limited computational resources.

Index Terms—Humanoid Soccer Robots, Omnidirectional Lo-
comotion, Dynamic gait, RoboCup.

I. INTRODUCTION

AN IMPORTANT feature that provides flexibility and
simplifies drastically the control of mobile robots is

omnidirectional locomotion, of special interest in dynamic
environments. Omnidirectional locomotion provides the robot
with the ability to modify its motion quickly, independently
of its bearing, which is very useful when environmental con-
ditions change. Moreover, it facilitates hardware abstraction,
allowing us to reuse high level controllers and behaviors from
other developments. When possible, omnidirectional drives
have been employed in diverse platforms to facilitate robot
control.

One interesting example is the Robocup competition. The
different Robocup leagues have incorporated omnidirectional
drives to facilitate the control of the robots and to provide the
capabilities for kicking the ball accurately. The reason is that
using an omnidirectional drive makes it easier to locate the
robots in specific positions for kicking in the proper direction.
Some examples in different leagues are omnidirectional drive
for Small-Size League [1], past Sony Four-Legged League [2],
legged-robots in Rescue League [3] and humanoid robots [4].

The most popular and simple schemes to control walking
bipeds are trajectory tracking methods [5], which solve the
motion dynamics equations to calculate offline trajectories for
individual joints keeping the ZMP within the support polygon
[6]. The main shortcomings of these approaches are as follows:
• There is only a finite set of gaits computed off-line.
• They require precise robot and environment models.
• Robustness under relative high disturbances is not en-

sured by tracking approaches.
• Dynamic equations with many degrees of freedom and

trajectory tracking can be computationally expensive.

J.J. Alcaraz-Jiménez, D. Herrero-Pérez, and H. Martı́nez-Barberá are with
the Department of Information and Communications Engineering, University
of Murcia, 30100 Espinardo, Murcia, Spain.
E-mail: juanjoalcaraz@um.es, dherrero@um.es and humberto@um.es

The simplified models are used to calculate CoM trajectories
and introduce feedback control. The most popular model is
the inverted pendulum simplification [7], which represents
humanoid dynamics by its Center of Mass (CoM) connected
by a massless telescopic leg to the supporting foot. Some
variants model sagittal and frontal components by means of
more than one inverted pendulum [8], representing different
linked parts of humanoid robots. On the other hand, central
pattern generators [9] [10] need neither a robot dynamic model
nor an environment model. They aim to imitate biological
neural circuits that can produce rhythmic patterns without
receiving rhythmic inputs.

In spite of capabilities that can incorporate omnidirectional
locomotion to bipeds, some advanced developments are still
controlled by pre-computed trajectories, with the feedback
focused on tracking these routes and ensuring stability un-
der slight disturbances. These trajectories cannot be coupled
because they usually do not match up and smoothness is not
ensured. Consequently, the robot has to stop in order to track
a new trajectory.

The online CoM trajectory generation for omnidirectional
dynamic gaits has also been studied in several ways. Recent
developments [4] aim to address this problem by ignoring the
ZMP position and employing empirical sinusoidal equations
instead. When CoM trajectory generation is based on ZMP
a precise model of the robot is required. For example, the
problem can be formulated as a ZMP tracking servo controller
[11]. Although this approach has been successfully tested in
the Robocup environment [12], it assumes some error in CoM
trajectory generation, which is decreased by adding future
information about ZMP position. Finally, an analytical solution
for CoM trajectory generation problem based on ZMP is
proposed in [13]. However, effectiveness of the approach is
compromised by fast changes in the expected position of the
feet.

The flexibility provided by omnidirectional locomotion and
the accuracy of online analytical approaches are the motivation
for this paper, which proposes an analytical method for plan-
ning the CoM trajectories of an omnidirectional dynamic gait
for biped robots. This problem was previously addressed by
[13]. The main difference with the proposed approach is that a
different set of parameters and a tuning criterion are proposed
in order to improve the precision of ZMP trajectories.

The paper is structured as follows. Section II introduces
the problem and the proposed approach. Section III describes
the walking pattern generation approach adopted to plan
omnidirectional trajectories. Section IV presents the boundary
conditions employed to trace trajectories in any direction. The
experimental validation is presented in Section V, and finally,
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Fig. 1. Overview of the locomotion system.

some conclusions are presented in Section VI.

II. OMNIDIRECTIONAL LOCOMOTION

The proposed locomotion system is based on position
control, i.e. the humanoid robot is commanded by a target
position and the locomotion system generates the sequence
of joint positions to reach such a target location. Through a
local coordinate system fixed to the hip of the robot, the target
position consists of the relative target position, the relative
target orientation, and the feet layout relative to the target
reference.

The target position can be modified at any time in order to
provide flexibility and reactivity to the robot control. When
the target position is modified the sequence of joint positions
is recalculated taking into account the stability criterion for
humanoid robots. The locomotion problem can be divided into
four steps:

1) Finding the target position of the swinging foot given
the target position for the feet.

2) Planning the trajectory of the swinging foot for one step.
3) Planning the CoM trajectory to move the swinging foot

one step considering single support time and target
position.

4) Finding the sequence of joint positions to follow both
CoM and swinging foot trajectories.

Fig. 1 shows the different stages of the locomotion system.
We can observe that the inverse kinematics processing is the
only stage executed at every cycle, which helps to maintain
the CPU consumption at a low level. The trajectories for the
swinging foot and the CoM are only calculated when a single
support stage is finished, and thus robot reactivity is limited
to time to walk one step. Reactivity, which is a key issue in
robotic soccer, is increased by using short and fast steps.

III. MOTION PLANNING

The omnidirectional locomotion problem can be formulated
as finding the CoM and feet trajectories to move the robot

to any position. Moreover, the trajectories must satisfy the
stability criterion for humanoid robots. Two approaches can
be employed to determine the stability of the robot: static and
dynamic balance criteria.

The static balance criterion assumes that only the gravita-
tional force is acting on the robot, hence keeping the vertical
CoM projection on the support polygon ensures stability.
The support polygon is the paw area of the supporting foot
contacting with the floor in single-support stage, while it is
the convex hull including the paw areas of both feet in the
double-support stage. However, the inertia forces should be
negligible, in order to ensure stability. This can be achieved
with static balance, but it gives rise to a slow gait.

On the other hand, dynamic balance takes into account both
gravitational force and inertia. Normally, the Zero Moment
Point (ZMP) is employed to determine the dynamic balance.
The ZMP specifies the point with respect to which dynamic
reaction forces at the contact of the foot with the ground do
not produce any momentum. The dynamic balance condition
consists of the ZMP projection on the ground lies within the
convex hull. When ZMP projection on the ground is out of
the convex hull, ZMP is called Fictitious Zero Moment Point
(FZMP).

Humanoid gaits usually differentiate between single-support
stage (robot standing on only one foot) and double-support
stage (both feet on the ground). In order to walk, the robot has
to move its legs from double-support stage to single-support
stage, alternating between legs. The proposed approach aims
to maintain the ZMP in the center of the supporting foot during
the single-support stage and to avoid the ZMP leaving convex
hull during the double-support stage.

A. Inverted Pendulum model

The 3D Linear Inverted Pendulum Model (3D-LIMP) [14]
is used to plan the CoM motion given the ZMP position. Fig. 2
shows this simplified robot model as a single point located at
the CoM where all the mass of the robot is concentrated. Such
a point is connected to the ground by a massless support leg
whose length can be modified. The entire model behaves as
an inverted pendulum, turning freely around the supporting
point, which is the place where the combination of inertia and
gravity forces projects on the floor.

The CoM trajectories are planned considering that the
supporting point is located at the ZMP of the humanoid robot
(stability criterion). The 3D-LIMP model only considers the
propulsion force and the gravity. The former force, applied
to the point representing the mass of the robot, can be
decomposed into,

fx = (
x

r
)f (1)

fy = (
y

r
)f (2)

fz = (
z

r
)f (3)

where fx, fy and fz are the Cartesian components of propul-
sion force and r is the distance between the supporting point
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Fig. 2. Inverted Pendulum model.

and the CoM. By adding the gravity to the system, the motion
equations defining the movement of the CoM are as follows,

Mẍ = (
x

r
)f (4)

Mÿ = (
y

r
)f (5)

Mz̈ = (
z

r
)f −Mg (6)

These motion equations are simplified by constraining the
CoM movement to the plane XY at a height as follows,

z = kxx+ kyy + zc (7)

where zc is the point where the plane XY intersects the z axis,
and kx and ky are the slopes of the trajectory constrained to
such an XY plane. The forces applied to the model should
be orthogonal in order to ensure that the CoM remains in this
plane. This fact is described as follows,

[
f(xr ) f(yr ) f( zr )−Mg

]
×

−kx−ky
1

 = 0 (8)

By replacing z using the expression (7), we obtain the
following equation for the propulsion force applied to the
CoM,

f =
Mgr

zc
(9)

which should be proportional to the leg length. In addition,
it decreases with the height of the CoM. This force can be
replaced in (4) and (5) in order to obtain the relationship
between the acceleration that should be applied to the CoM
and the distance to the supporting point.

ẍ = x
g

zh
(10)

ÿ = y
g

zh
(11)

which can be expressed from the system reference centered at
the support point (px, py) as follows,

ẍ = (x− px)
g

zh
(12)

ÿ = (y − py)
g

zh
(13)

This is the simplified robot model used for planning the
trajectories of the CoM to ensure stability. The following
sections describe the strategy adopted to plan omnidirectional
trajectories for biped dynamic gait using these simplifications.

B. Trajectory planning

In order to satisfy the stability criterion during the single-
support stage, the ZMP position should be approximately
constant. In particular, the ZMP should be located in the
convex hull defined by the sole of the supporting leg that
is in contact with the floor. Thus, px and py are considered
time independent and the previous differential equations can
be solved by using the following expression for the CoM
movement,

x(t) = c1xe
αt + c2xe

−αt + px (14)
y(t) = c1ye

αt + c2ye
−αt + py (15)

where α =
√

g
zh

is a constant defined for simplification.
These expressions can be used to plan the CoM trajectory

that locates the ZMP at some target position. In order to gener-
ate a walking pattern, we only have to link these trajectories by
moving the ZMP alternatively between feet. However, these
kind of CoM trajectories induce large modifications of the
ZMP due to the acceleration of the CoM. In other words,
strong accelerations make the effect of body link deformation
of humanoid robots stronger. Besides, the simplified robot
model becomes less accurate when high accelerations exist,
which is why the CoM acceleration should be minimized.

The CoM accelerations following the walking pattern can
be minimized by using both planning and control based tech-
niques. We have adopted the simple approach of introducing
a double-support stage between single-support stages, which
decreases the CoM accelerations induced by single-support
stages. The double-support stage is introduced by defining the
expression that moves the CoM from the position where it
finished the last single-support stage to the position where it
starts the next single-support stage. In order to ensure speed
continuity an expression of four variables, two variables for
speed and two variables for position boundary conditions, is
chosen to represent the double-support trajectory as follows,

x(t) = c3xt
3 + c4xt

2 + c5xt+ c6x (16)
y(t) = c3yt

3 + c4yt
2 + c5yt+ c6y (17)
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Fig. 3. Comparison between a pure single-support gait (left) and a typical
gait with a double-support stage (right). The first row shows a curve with the
lateral evolution of the CoM together with the position of the ZMP (thick
points). Second and third rows show the lateral speed and acceleration of the
CoM respectively.

where CoM speed and acceleration profiles can be obtained
as first and second derivative of CoM trajectory.

The double-support stage decreases the CoM acceleration
between single-support stages and fixes a top for the maximum
speed, removing the peaks that would occur in the transition
from one support-foot to the next one in a pure single-support
gait. The larger this double support area, the lower the CoM
acceleration during the transition from one support-foot to the
next. However, a larger double-support stage means the robot
takes a longer time for each step, resulting in a slower global
speed. In order to tune the behavior of our gait in this aspect,
the ZMPDSF parameter can be used.

C. Discussion

During single-support stages, the ZMP stays still at one
point of the supporting-foot, while in the double-support stage,
the ZMP has to travel from one foot to the other. The amount
of space between the feet that will be used for the ZMP during
its trip from one support-foot to the following one can be
specified. In our approach, this amount of space is specified
as a fraction of the total amount of space between the feet,
and this fraction is the ZMPDSF .

Fig. 3 shows the influence of ZMPDSF parameter for
pure single-support walking pattern, ZMPDSF = 0 (left),
and for double-support stage, ZMPDSF = 0.35 (right),
while maintaining the other parameters of walking pattern
generation constant; in particular, step length (60mm), feet
separation distance (100mm), single support time (0.3s) and
CoM height (250mm).

In the first row of this figure, the lateral evolution of the
CoM is displayed. The thicker points show the position of the
ZMP. It can be noticed that in the pure single-support gait, the
ZMP jumps from one foot to the other, while in the version
that includes a double-support stage there are samples of the

Fig. 4. Relation between average forward speed and maximum lateral
acceleration of the CoM while the ZMPDSF parameter is modified. The
values of this parameter are shown next to the curve. The value 0.35 for the
ZMPDSF is chosen as the set-point for the experiments.

ZMP between the feet. In the second and third rows, which
display the lateral evolution of the speed and acceleration of
the CoM, the consequences of the incorporation of a double-
support stage can be appreciated. The second row illustrates
the evolution of the lateral speed of the CoM. In the second
column of this row, the peaks of speed are substituted by a flat
top, reducing the maximum speed. Likewise, in the third row,
the maximum acceleration for CoM in the double-support gait
is reduced by about 50%, resulting in a much more stable gait.

However, as can be seen on the time axis, increasing the
ZMPDSF parameter makes the robot take longer to step,
and thus, it decreases the CoM accelerations at the cost of
robot speed. Therefore, this parameter should be determined
as a trade-off between robot’s speed and dynamic gait stability
(including environmental factors, such as floor).

Focusing on average forward speed, and maximum lateral
acceleration (which we consider are the main data to evaluate
the trade-off between speed of the robot and stability), we
have displayed the evolution of their values according to the
parameter ZMPDSF in Fig. 4. Given a minimum speed
and maximum acceleration constraints, this figure can help
choose a proper value for the ZMPDSF parameter. We
have obtained experimentally a value ZMPDSF = 0.35 for
NAO platform, although this value should be tuned for specific
surfaces in order to obtain a reasonable speed.

IV. BOUNDARY CONDITIONS

This section presents the constraints used to determine the
constants defined in equations (14), (15), (16) and (17). For the
sake of clarity, we only present the calculation in the frontal
plane of the robot, i.e. lateral balancing. The calculation in the
Sagittal plane is similar.

The calculation starts at the transition from the end of the
single-support stage of the right foot to the double-support
stage (Fig. 5). Accordingly, the time reference starts (t0 = 0)
at the beginning of the double-support stage that will move
the ZMP from the right foot to the left one. The end of the
double-support stage, tdl, will lead to another stage of single-
support. During this new stage of single-support, the ZMP will
stay on the left foot, while the right foot will move to its target
position. When this stage finishes (tld), the target position for
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Fig. 5. Positions of the ZMP and the parameter ZMPDSF are employed to
obtain the position of the CoM at the extremes of the single-support stage of
the current step.

the left foot will be read, and the process will start again. The
available information at t0 is summarized as follows:
• Position of the ZMP on the right foot before t0, named
pyr1.

• Position of the ZMP on the left foot, pyl, during the
single-support stage (between tdl and tld), which will
have the left foot as support .

• Duration tl of this single-support stage.
• Position of the ZMP on the right foot during the next

single support stage, pyr2.
• Position and speed of the CoM in t0, named respectively
y(0) and ẏ(0).

In equation (15), the data tdl, tld, y(tdl) and y(tld) will be
employed to obtain the boundary conditions that will make it
possible to find the values of the constants c1y and c2y . Since
tl is already known, it is possible to find tld = tdl + tl.

As for equation (17), t0, tdl, y(t0), ẏ(t0), y(tdl) and ẏ(tdl)
will be used for the boundary conditions. Considering t0, y(t0)
and ẏ(t0) are known, only the values of tdl, y(tdl) and ẏ(tdl)
need to be found.

To sum up, in order to solve equations (15) and (17), it is
necessary to obtain the values of tdl, y(tdl), ẏ(tdl) and y(tld).
This calculation will be detailed in the following lines. Once
obtained, it will be possible to calculate the position of the
CoM at any time during the single-support or double-support
stages of the step.

A. Calculating y(tdl) and y(tld)
The point y(tdl) is the geometric place of the CoM where

the transition from the double-support stage to the single-
support stage takes place. By employing the parameter ZM-
PDSF, it will be possible to define the portion of distance
between the feet that will be covered by the CoM in double
support mode. In this manner, a hint for y(tdl) and y(tld) will
be obtained.

y(tauxdl ) = pyr1 + (pyl − pyr1)(0.5 +
ZMPDSF

2
) (18)

y(tauxld ) = pyl + (pyr2 − pyl)(0.5−
ZMPDSF

2
) (19)

Fig. 6. The initial speed of the CoM in the simple-support stage is defined
by the positions of the CoM at the beginning and at the end of this stage and
by the duration of the simple-support stage (tl)

If there is a strong change in the lateral distance between
the right foot and the left foot from one step to the next, there
will be a large difference between y(tdl) and y(tld). This large
difference will lead to speed peaks in one of the extremes
that will cause strong accelerations of the CoM in the double
support stage.

Since the position of the right foot during the next step is
available, it is possible to modify the hint position for y(tdl)
so that the position and the speed of the CoM at the end of
the single support stage are adequate for the next step.

This is why the space in the single support stage has been
distributed in a symmetric way, and the final position at the
end of this stage is the same as the initial position of the next
single support stage: y(tld) = y(tdl). To force this equality,
the hint values calculated in (18) and (19) have been averaged.

y(tdl) = y(tld) =
y(tauxdl ) + y(tauxld )

2
(20)

B. Calculating ẏ(tdl)

The next value to be obtained is the speed of the CoM at
the beginning of the single support stage, ẏ(tdl), as can be
observed in Fig. 6. The duration of the single support stage,
tl, and the recently calculated values of y(tdl) and y(tld) will
be employed to operate in (15).

y(tdl) = c1ye
αtdl + c2ye

−αtdl + py (21)

Since tld = tdl + tl,

y(tld) = c1ye
αtdleαtl + c2ye

−αtdle−αtl + py (22)

If c7y and c8y are defined as follows:

c7y = c1ye
αtdl (23)

c8y = c2ye
−αtdl (24)

Equations (21) and (21) can be rewritten in the following
way:

y(tdl) = c7y + c8y + py (25)
y(tld) = c7ye

αtl + c8ye
−αtl + py (26)
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Fig. 7. Position and speed of the CoM at the extremes of the double support
stage are employed to generate a value for the duration of the double support
stage.

It is possible, then, to find the values of c7y and c8y by
making use of (20). Finally, by deriving (15), the expression
for ẏ(tdl) can be obtained:

ẏ(tdl) = αc7y − αc8y (27)

C. Calculating tdl
The last value to be found is the duration of the double

support stage. This situation is illustrated in Fig. 7. The speeds
at the beginning and at the end of the single support stage,
ẏ(t0) and ẏ(tdl) respectively, will be averaged to obtain a
guiding value for the CoM speed during the double support
stage. In this way, the value of tdl can be found with equation
(28).

tdl =
y(tdl)− y(t0)
ẏ(tdl)+ẏ(t0)

2

(28)

V. EXPERIMENTAL VALIDATION

This section evaluates the proposed locomotion approach.
To begin with, the platform employed will be presented to-
gether with the environment where the experiments take place.
The following subsection is devoted to a brief explanation
of the inverse kinematics algorithm for the platform Nao.
Later, several experiments will be analyzed: a first group
consisting of pure unidirectional movements, and a second
where omnidirectional capabilities are demonstrated.

A. Experimental setup

The platform employed to validate the proposed omni-
directional motion planning approach experimentally is the
commercial humanoid robot Nao, developed by the French
company Aldebaran Robotics. This is the platform used in
the Standard Platform League of the international Robocup
Competition event.

The real world experiments are performed on a similar
carpet to the official soccer field of Standard Platform League,

Fig. 8. Nao platform from Aldebaran Robotics Company.

2010 Edition, which is detailed in the official rules of such
a league. The simulated experiments are performed in the
Webots simulator, from Cyberbotics company. This simulator
is convenient, since Aldebaran Robotics, the robot’s manu-
facturer, provides a precise model of Nao platform for it.
Moreover, this simulator provides dynamics simulation by
making use of the Open Dynamic Engine (ODE), which
permits the effect of gravitational and reaction forces to be
evaluated.

The humanoid robot Nao has 21 degrees of freedom (DoF )
depicted in Fig. 8: two DoF for the head, four DoF for each
arm and six DoF for each leg. The number of DoF is twenty-
one because both legs share one joint, named HipY awPitch
joint, which supposes a constraint in order to solve the inverse
kinematics problem. The head joints are controlled by an
active vision system depending on perceptual needs. The
proposed method does not make use of any sensor, gyroscope
and accelerometers available in the platform as feedback to
improve the stability of the dynamic gait, i.e. the proposed
method is an open-loop approach.

B. Inverse Kinematics

The inverse kinematics problem must be solved in order to
calculate the joint positions for a CoM trajectory. This section
describes the implementation details for this humanoid plat-
form. This is the information used to calculate the sequence
of joints:
• Reference system (located at the supporting leg).
• Position of the CoM (x,y,z).
• Orientation of the torso (Yaw,Pitch,Roll).
• Position of the swinging foot (x,y,z).
• Plane orientation of the swinging foot (Pitch,Roll).
The inverse kinematics problem can be divided into two

stages:
• Finding the pelvis position that places the CoM at its

target position.
• Finding the joint values for both legs constrained to pelvis

position, torso orientation and swinging sole orientation.
The approach employed to find the support side position

of the pelvis assumes that the only DoF are the joints of the
supporting leg. Besides, the modifications of the CoM position
are negligible. The aim is to find the position of the supporting
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Fig. 9. The iterative method to find the joints values given the CoM target
position.

side of the pelvis that places the CoM at the desired position.
The solution is obtained by using an iterative method, shown
in Fig. 9, in order to decrease the position error of the inverse
kinematics problem.

The analytical solution of the proposed method is described
next. The method assumes that the position of the supporting
side of the pelvis is known, taking the one previously obtained.
For the sake of simplification, we will describe the procedure
for the right leg of the robot. The reference system is placed on
the right sole. The rotation axes of the joints of both legs are
numerated from one (right foot) to eleven (left foot). The chain
of matrices to be multiplied in order to obtain the orientation
of the torso is as follows,

ROT = Rx(−α1)Ry(−α2)Ry(−α3)Ry(−α4)
Rx(−α5)Ry(−α6)Rx(−π

4
)

(29)

where α represents the joints of the legs. Besides, the orien-
tation of the left foot can be obtained as follows,

ROL = ROTRx(−π
4 )Ry(α6)Rx(α7)Ry(α8)

Ry(α9)Ry(α10)Rx(α11)
(30)

According to the sign criteria adopted, the turning sense
is considered positive when the moving part of the body is
farther from the torso. Since the reference system moves from
one foot to the other, the sign criterion for the turning sense of
the joints must be changed. Therefore, the sign of the joints is
negative when the reference system is in the right leg. The α
values corresponding to the HipRoll joints have been merged
with an extra rotation in order to simplify the calculation. This
simplification consists of orientating the y axis of this joint
parallel to the HipYawPitch joint as follows,

Fig. 10. Forward walking experiment. In the upper row, the height of the
left foot (+) and right foot (o) is shown. The second and third rows show the
evolution of the CoM (continuous curve) and the ZMP (*) in the frontal and
sagittal planes respectively.

RAnkleRoll α1

RAnklePitch α2

RKneePitch α3

RHipPitch α4

RHipRoll α5 + π
4

RHipYawPitch α6

LHipYawPitch α6

LHipRoll α7 − π
4

LHipPitch α8

LKneePitch α9

LAnklePitch α10

LAnkleRoll α11

The first angles to be obtained are those of the right leg of
the robot (ankle and knee). These three angles enable the robot
to place the support side of the hip at its target position. Once
we have obtained the joint values α1, α2 and α3, we can use
(29) to calculate the joint angles α4, α5 and α6 by identifying
the terms in the resulting matrix from the left members of
(33),

RRThigh = Rx(−α1)Ry(−α2)Ry(−α3) (31)

ROT = RRThighRy(−α4)Rx(−α5)Ry(−α6)Rx(−
π

4
) (32)

RtRThighROTRx(−
π

4
)t = Ry(−α4)Rx(−α5)Ry(−α6) (33)
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Fig. 11. Horizontal plane of CoM trajectory in a forward walking trajectory.

where we have made use of the property of rotation matrices
in which inverse matrix is similar to its transpose.

Once the position and orientation of the swinging side of
the hip and the position of the swinging ankle are known, it
is possible to make use of the initial target information to find
the joint values of α7, α8 and α9. Finally, the α10 and α11

joint angles are obtained by updating the orientation of the
reference frame and comparing it to the required orientation
of the sole plane of the left foot.

C. Walking pattern experiments

This section shows the trajectories of two different walking
patterns that make use of the proposed motion planning
algorithm. These walking patterns are pure forward and lateral
straight movements of the robot, since they allow us to
illustrate clearly the behavior of the ZMP.

The height of the CoM will be fixed at 235mm, and a sam-
pling time of 40ms is employed to generate the trajectories.
In this case, the experiments are only tested on the Webots
simulator.

In the first experiment, the robot walks straight in the
forward direction, while the behavior of the CoM and the
ZMP is analyzed. This is illustrated in Fig. 10. The first row
indicates the height of the feet. When the circle points have
a value above zero, it means that the right foot is in the air,
therefore the left foot is the support-foot. In this case, the ZMP
should stay still on the left foot. The opposite happens when
the cross points are the ones which have a positive value. On
the other hand, if no foot is in the air, the ZMP is constrained
to stay at any place between both of the feet, that is, within
the convex hull.

In the second row of Fig. 10, the lateral component of
the evolution of the CoM is shown. The ZMP position is
marked with star points. Since the lateral coordinates of the
feet are constant (0 for the left foot and 100 for the right
one), we note that the ZMP stays on the support foot during
the single-support stages and that it moves between the feet
during double-support stages.

Fig. 12. Position of joints of left leg during forward walking experiment.

The bottom row of Fig. 10 shows this time the evolution
of the CoM and the ZMP in the sagittal plane. Once again,
the ZMP stays still during the single support stage and moves
along the convex hull during the double-support stage. The
slope of the curve plotted here is the forward speed of the
robot.

Fig. 11 is a combination of the sagittal and frontal move-
ment of the CoM plotted in Fig. 10. This time, the trajectory
of the CoM in the horizontal plane is given. In order to get
a timing reference, the distance between samples must be
observed, since both axes refer to spatial information. The
fact that the samples which are around the lateral extremes of
the trajectory are closer than the ones in the middle, indicates
that the CoM movement is slower during single support stages
and faster during double support ones.

Fig. 12 and Fig. 13 show the joint position and the joint
speed respectively when the robot is following a forward
trajectory. We can observe in Fig. 13 that the joint speed
is bounded at 100 degrees/sec, which can help to visualize
the pace of the movements. Additionally, it is important to
note that we do not appreciate any discontinuity in the joint
speeds. This is one of the goals of the design of the locomotion
system in order to provide smooth movements to the gait
which increase stability.

The second pure straight movement to be evaluated is the
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Fig. 13. Speed of joints of left leg during forward walking experiment.

lateral one. Analogously to Fig. 10, the evolution of CoM
and ZMP trajectories are displayed (below) together with the
height of the feet (above). In this case, a graph for the sagittal
plane component of the movement is not shown, since its value
is constant. We can also observe that the ZMP is kept between
both feet during the double support stage, so ensuring stability.
The average slope of the curve displayed in the lower graph
is the average lateral speed of the robot.

D. Omnidirectional experiment

The above experiments have demonstrated the stability of
the robot while performing pure forward and lateral move-
ments. The next step in order to get an omnidirectional loco-
motion is to incorporate turning capabilities and simultaneous
combination of the previous walking patterns. That will be the
target of the next experiment: the circular walking.

Fig. 15 shows the trajectory of the CoM and the ZMP in
the horizontal plane while the robot walks describing a circle.
The CoM trajectory is the smooth curve described by the star
points. The ZMP trajectory (circle points) can be divided in
three groups of samples: an inner ring, an outer ring and a
regular pattern of samples enclosed within this two rings. The
inner and outer rings are formed by the ZMP positions on the
left and the right foot respectively during the single-support

Fig. 14. Lateral walking experiment. In the upper graph, the height of the
left foot (+) and right foot (o) is shown. The lower graph shows the evolution
of the CoM (continuous curve) and the ZMP (*) in the frontal and plane.

stages. The samples enclosed within these rings belong to
the double-support stages of the walking. It is important to
notice that the double support samples are far from the region
delimited by the single-support samples, so avoiding instability
risks.

The temporal evolution of the trajectories is difficult to
extract from the figure, since it is not explicitly shown. For
instance, during the single-support stages, the ZMP samples
overlap, resulting in a single point in the plot for all the
samples of every single-support stage.

The final feature to be evaluated in the proposed method
is the capability of linking different trajectories dynamically,
which will be tested in the last experiment. In this test, the
real robot is follows an online generated walking pattern
during 10 seconds. At that time, the gait is forced to follow
a new walking pattern abruptly. The different stages of the
experiments are: forward walking, smooth curve to the left (5
degrees per step), stronger curve to the right (20 degrees per
step), forward walking again and left sense turning (30 degrees
per step). Fig. 16 shows the trajectories followed by the robot
in the transverse plane. We can observe the transitions between
walking patterns, and how the proposed approach solves the
problem by generating smooth and continuous trajectories.

VI. CONCLUSION AND FUTURE WORK

This paper has presented the motion planning approach used
to generate online dynamical stable trajectories of the CoM of
a humanoid robot that adapts to the omnidirectional walking
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Fig. 15. Circular walking experiment. Trajectory of the CoM (star points)
and the ZMP (circle points) in the transverse plane.

Fig. 16. Omnidirectional walking experiment. Different walking patterns are
linked ensuring analytically stability.

patterns followed by its feet. The method has been designed to
provide humanoids with the capability of fast reaction when
environment changes rapidly, which is of special interest in
dynamic and/or uncertain environments. The implementation
of the method is focused on efficiency to meet the hard real-
time constraints in this kind of applications. Currently, the
omnidirectional gait is not optimized for velocity, but it can
be used for specific tasks, such as approaching an object or po-
sitioning humanoids for accurate operations. The experimental

results have shown that this method allows modification of the
walking direction and orientation without stopping.

Future efforts will be focused on closing the loop control
by making use of the gyroscope and the accelerometers
sensors that incorporate the platform. Besides, stability can
be improved using rhythmic patterns for arms, depending on
the CoM trajectories.
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Robust Behavior and Perception using Hierarchical
State Machines: A Pallet Manipulation Experiment

R. Cintas, L. J. Manso, L. Pinero, P. Bachiller and P. Bustos

Abstract—Interacting with simple objects in semi-controlled
environments is a rich source of challenging situations for mobile
robots, particularly when performing sequential tasks. In this
paper we present the computational architecture and results
obtained from a pallet manipulation experiment with a real robot.
To achieve a good success rate in locating and picking the pallets a
set of behaviors is assembled in a hierarchical state machine. The
behaviors are arranged in such a way that the global uncertainty
of the task is progressively reduced when approaching the goal.
To do so, actions are generated in each stage that increase the
confidence of the robot of being in that particular relation to
the world. In order to set up this experiment, it is required a
non-trivial set of working senso-motor behaviors. We build on
this set to design and test a pallet moving task in which the
robot has to locate, approach, obtain the pose, pick up and,
finally move the pallet to its target position. The only sensory
sources of information available to the robot are a binocular
vision system and its internal odometry. To carry out this task we
have equipped a RobEx robot with a 1 DOF forklift and a 4 DOF
binocular head. We present the conceptual and computational
models and the results of the experiments in a real setup.

Index Terms—autonomous robots, mobile manipulators, active
perception

I. INTRODUCTION

DESIGNING the computational structures to be used for
the execution of complex sequential plans involving

manipulation is an important problem in mobile manipulators.
[24]. Current state of research in this area is moving from
the initial mapping and navigation skills towards smarter plan
execution capabilities. However, building up new skills on top
of previous ones is not an easy task. New algorithms of very
different nature (plan executives) have to coexist with well
known, but not yet fully understood, solutions to supporting
abilities such as calibration, local navigation, localization,
mapping or object recognition. Derived from sensor noise or
from the ever increasing number of software lines of code
(running on always limited computational resources), new
complexities arise when dealing with real robots. Furthermore,
teams of many developers and the need for code reuse, settle
even more demanding requirements on today’s technology. A
promising approach is to use component-oriented specialized
middlewares[2], [19], [11], [3] that provide a means to di-
vide, reuse and organize large amounts of sophisticated and
changing code, typical in robotic research environments. In
this work we use RoboComp [1], [11], [20], an open-software
robotics framework entirely developed in our laboratory. It
provides, among other features, a wide variety of components

R. Cintas, L. Pinero, L. J. Manso, P. Bachiller and P. Bustos are with the
University of Extremadura.

E-mail: rcintas@unex.es

and a set of tools specifically designed to facilitate software
development.

Complex sequential tasks involve different abilities such as
active visual searching, detection, recognition, pose estimation,
maneuvering, picking and delivering. Building on the infras-
tructure provided by RoboComp we can more easily focus on
the actual problem. As a simple but realistic example of these
sort of tasks, we have selected the problem of manipulating
a pallet by a mobile robot. To this end, we use the RobEx
platform [10][14] equipped with a 1 DOF frontal forklift. All
the sensor information available to the robot comes from a
4 DOF stereo head and the odometry of the robot platform.
The most interesting aspect of this experiment and the result
we want to stress here, is that each transition that takes
the robot closer to the target is also designed to reduce
the uncertainty in the robot-pallet spatial relation. We thus
interleave actions to reach the goal with actions to perceive it,
building specific representations in each stage. When the task
begins and the robot is searching for something that resembles
a pallet, many remote objects can satisfy the initial detection
criteria. The representations used to maintain these initial
hypothesis are simple and inaccurate. However, as the robot
proceeds toward the target, more complex representations are
used and more computation time is spent in order to refine
these representations. During the approaching stage the robot
keeps itself focused on the target by performing attentional
eye movements. Thus, as the robot gets closer and new tests
are performed, the confidence on the target being a pallet
increases.

The rest of the paper is structured as follows: Section II
provides an overview on previous works related with pallet
manipulation and task execution. Section III details the overall
design of the experiment and the development process. Section
IV presents the main features of RoboComp and RobEx
Section V provides a list of the software components used in
the experiment. Section VI describes the states the robot enters
during task execution and their purpose. Section VII covers the
results obtained from the experiments. Finally, section VIII
provides the conclusions extracted from the work and details
the future works that will be carried out.

II. RELATED WORK

Nowadays, industrialization and automation in storages is
a resource increasingly on demand. Technological advances
have allowed the development of sophisticated and automated
equipments to give support in storage tasks. However, the
control and supervision of this kind of equipment can become
a complex task that may require an expert hand [9].
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There are many robotic devices specifically designed to
manipulate pallets which can be used to optimize the space in
warehouses and to improve the safety and speed conditions.
The problem can be decomposed in two separate tasks: point
to point navigation and pallet manipulation. The first one is
typically divided into fixed path navigation and open path
navigation. In fixed path navigation systems a magnetic or
reflective element is fit to the floor, physically defining the
actual paths used by the AGV’s. In open path navigation
systems the AGV uses a method to localize itself in the
workspace and a planner to compute free paths reaching the
current goal. Usual localizations methods are based on laser,
inertial sensors, odometry and/or a fixed detectable pattern
(optical or magnetic) covering the whole workspace [12].

In the pallet manipulation task there are many possibilities,
ranging from knowing the absolute position of all the pallets in
the workspace at any time, to a much more flexible markless
visual detection and servoing scheme, such as the one we
present here. In the works presented in [17][5][21] the authors
use a color-based segmentation method combined with a
priori knowledge about the geometry of the pallet. With this
information the algorithm recovers its pose and generates a
trajectory to pick it up. In [8] the AGV uses a 3D laser to detect
the pallet, avoiding this way the problems associated with
changes of illumination. In other works by the same authors,
a laser scanner is also used for localization and generation of
free-obstacles trajectories in factory buildings [25]. There are
also some proposals that employ different sensory devices to
provide better performance or even include the information of
additional devices such as sonars [22].

In this work, we explore a different approach which is
based on an active detection process using a sequential plan.
Developing a passive detection algorithm that provides good
performance in all different real situations seems infeasible.
Instead, in our approach the problem is solved using a per-
ceptive loop where the robot can hypothesize about what is
being perceived, make decisions to reduce the uncertainty of
its perceptions and act according to the correctness of its
predictions.

III. SEQUENTIAL TASK DESIGN

Robust manipulation by mobile robots requires a careful
design of a sequence of states and transitions in order to act
properly in the different task stages. Safe error recovery is
a very desirable feature, whether when performing actions, or
when perceiving the environment. This is even more important
when using only odometric and visual information. In case of
errors, a good option is to start over from a previous stage,
even going back to the main plan if it is necessary[21]. Thus,
errors make iterative the sequential task design, leading in
some cases to a control logic of considerable complexity.

The formalism of state machines (e.g. as developed by
Harel[6]) is a widely known tool that can be used to solve this
problem. Statecharts provide a graphical means of modelling
how a system reacts to stimuli. This is achieved by defining
the possible states of the system, and how the system can
switch from one state to another (transitions between states).

A key characteristic of event-driven systems is that behavior
often depends not only on the last or current event, but
also on preceding ones. With statecharts, this information is
easy to express. Qt Software has recently released a state
machine framework based on Harel’s Statecharts[18]. This
framework provides an API and execution model that can
be used to effectively embed the elements and semantics of
statecharts. It provides us with concurrent and hierarchical
structures that can be used as executive engines for robust
plan execution. When combined with a component-oriented
architecture, the concurrent dimension of the state machines
can be easily extended to a fast growing network of these
machines, keeping a reasonable bound in the complexity that
needs to be managed by developers and researchers. We use
this framework embedded in RoboComp.

Before deeply describing the state machine used in the
experiments and the restrictions imposed to the environment
inhabited by the robot (see section VI), this section provides an
overall description. The task of pallet delivering is decomposed
in a list of subtasks. This list is generic enough to be useful
for different other proposes:

1) Gather context information.
2) Search for a target object candidate.
3) Approach to gain a favourable point of view.
4) Verify the target and gather initial information.
5) Refine object information.
6) Approach and pick/grasp the object.
7) Manipulate the object.

Note that this sequence of tasks is quite generic and can be
applied to a wide variety of robots, applications and environ-
ments. Each of these subtasks represents an intermediate state
towards reaching the final goal. To do so, each state should
be associated with the corresponding algorithms that solve the
specific problems, whether locally or through calls to remote
components. Also and no less importantly, there are different
failure conditions, local and remote, that can occur during the
execution of each subtask. In order to avoid major problems,
these error conditions have to be managed by transitions to
former or halt exception states. These states are not denoted
in the former list of subtasks but appear in the graph shown
in figure 4.

The goal of this experiment is to analyse the advantages
of using a state machine framework inside of a component-
based robotics middleware in order to run a complex sequential
task. To provide a complete description of the whole system,
two description levels will be given. The first one, shown
in the next section, describes the network of components
that controls the robot, providing a coarse description of the
system. The second one, in section VI, describes the state
machine designed for the experiment.

IV. ROBOCOMP AND ROBEX

RoboComp

RoboComp is a component-oriented robotics framework. It
was created in 2005 by the Robotics and Artificial Vision
Laboratory of the University of Extremadura. Since then, it
has been widely used by many students and researchers of
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the laboratory. Now, it can be considered a mature project
which integrates many components with different function-
alities: hardware interfacing (e.g. cameraComp, differential-
RobotComp, laserComp, forkliftComp), data processing (e.g.
visionComp and roimantComp, for visual features detection,
and cubafeaturesComp, for laser features detection), robot be-
haviors (e.g. gotopointComp, wanderComp) and many others.
Apart from its wide set of components, it provides other
useful features such as: a) a flexible organization, easing the
addition of new components; b) utility scripts for creating and
modifying components; c) a graphical component manager
that allows setting up component networks and monitoring of
their behavior dynamically; d) transparent connection to open
source simulators (i.e. Gazebo and Stage); e) an automated in-
stallation script; f) logging facilities; g) recording and playback
of component data structures for off-line development and
debugging; h) rapid Python prototype development support.
Beside all these features, RoboComp can seamlessly use
two different communication middlewares: a) Ice, a industrial
grade middleware created by ZeroC and b) DDS, a high-
performance publish/subscribe middleware that has been in-
corporated so that it can also support RMI-alike calls[15].

RoboComp is also equipped with a numerous set of classes
comprising different issues related to robotics and computer
vision such as matrix computation, hardware access, Kalman
filtering, graphical widgets, fuzzy logic or robot propriocep-
tion. Among the different available classes, the robot propri-
oception class, which we call InnerModel, plays an important
role in this work. It deals with robot body representation and
geometric transformations between different reference frames,
lightening the handling of many questions related to analytical
and projective geometry. For instance, figure 1 shows the
different reference frames that take part in the problem of
pallet manipulation. These reference frames are associated
with all the mobile elements of the robot, but also with
the floor, objects of the environment and virtual elements.
The class InnerModel provides the mathematical support to
represent and manage all this elements. It is based on an
XML description file where all the transformations nodes are
identified and described. Using this description, InnerModel
creates an internal representation of the kinematics of the robot
and its environment through which it provides many methods
to estimate projections and frame transformations.

RobEx

RobEx is an open-hardware robotics platform that incorpo-
rates different accessories forming a totally equipped robot. It
presents all the necessary features to conduct real experiments
in computer vision, robot manipulation and mobile robotics.

For the pallet manipulation problem, RobEx has been
equipped with a jointed stereo vision head and a 1 DOF
forklift (see figure 2). The head provides 4 movements: a neck
movement followed by a common tilt and two camera-specific
pan movements. The neck allows cameras to point to objects
on the sides of the robots without moving the robot platform.
The tilt allows the robot to point to low or high positions.
The pan movements can be used for vergence fixation of

Fig. 1: Reference frames taking part in the pallet manipulation
problem.

objects lying approximately in front of the camera pair. This is
particularly useful in order to increase the binocular space and
to reduce the 3D triangulation error. The forklift is similar to
its industrial counterparts. It is capable of supporting loads of
up to 5kg safely and has a span of 150mm. The gap between
the forks separation can be manually adjusted.

Fig. 2: The RobEx platform.

V. BASIC COMPONENTS

Each node of the component network contributes with a
particular functionality to the whole system. Besides Forlift,
the component that holds the state machine that sequences
the behaviors presented in this paper, there are several other
components. Some of them are goal-oriented and are associ-
ated with behaviors (e.g. Tracking or Trajectory), others play a
passive role. A list of the components with a brief description
of their function is detailed below.
• DifferentialRobot: Provides an API to control a differen-

tial mobile robot. It currently supports the RobEx, Scitos
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Fig. 3: Component network.

and Morlaco robots, as well as the open source Gazebo
simulator and for the Player hardware abstraction layer.

• JointMotorArray: It is used to control motor arrays
sharing a communication bus. The component provides
configuration parameters for the bus and for each motor.
The provided API can be used to command motors
individually or synchronously. Besides new bus drivers
can be added easily, it currently supports a wide variety
of motors.

• Fork: Provides an API to access forklifts. Currently it
supports the RobEx forklift manipulator[14].

• JoyStick: It is used to manually send motor control
commands to robot platforms.

• HeadNT2P: Provides an API to control a stereo head with
four degrees of freedom: neck (common pan), common
tilt movement affecting both cameras, and two separate
camera-specific pan movements (see figure 1). Its API
makes available commands to trigger single or coordinate
saccadics. In order to perform movements this component
relies on the JointMotor component.

• CameraArray: Accesses arrays of cameras that use the
same communication bus. Provides configuration param-
eters for the bus and for the image retrieval process.
Its API allows single or synchronized multiple image
retrieval. Currently, the component supports Firewire,
V4L2, Gazebo and the privative SDK’s from Prosilica
and Point Grey. New camera drivers can be added by
subclassing and abstract ”Camera” class.

• Vision: Computes regions of interest as local extrema in
Harris-Laplace pyramid. It provides the list of regions
along with the image pyramids. If a suitable GPU is
available, the component can compute SIFT descriptors
at video rate on the detected regions using SiftGPU.

• Roimant: This component stabilizes the ROI’s computed
by Vision. In stereo configurations it also maintains in
memory a locally updated copy of the regions visible in
the world around the robot. It computes the 3D coordi-
nates of regions using a standard correlation measure and

the epipolar geometry as reported by HeadNT2P.
• Tracker: Controls a camera to provide a tracking behavior

on a certain ROI or initial angular coordinates. It can
apply correlation over the whole pyramid to recover from
failure situations.

• RobotTrajectory: Computes and follows local trajecto-
ries using odometric information. It can compute Bézier
curves to fit initial and final orientation conditions for the
robot.

The resulting network of components can be seen on
figure 4. The following section covers Forklift, the component
specifically designed for the experiment.

VI. A STATE MACHINE FOR PALLET MANIPULATION

In this section, it is described the design of Forklift, the most
relevant component of the experiment and the one that holds
the task-specific state machine. The statechart illustrating the
behavior of the component is shown in figure 4.

Some of the algorithms used in this experiment use top-
down mechanisms in which the representation of the world is
compared with the actual inputs of the cameras. In order to
maintain such a representation, components use a class named
InnerModel. Instances of this class are not synchronized but
updated by remote calls to DifferentialRobot and HeadNT2P
components (which maintain the odometry and the positions
of the joints, respectively). Using this object, Forklift builds
a basic 3D representation of its environment using the Open-
SceneGraph engine (OSG)[16].

The remaining of this section chronologically describes the
states that the component (the state machine describing its
behavior) would go through assuming absence of any kind of
error. Error-triggered transitions are specified within each state
description.

A. Getting floor color

The component initially assumes that it is initialized with
a flat colored floor underneath the robot. Thus, when in this
state, the floor color is obtained from the central region in the
left camera image. In order to accomplish this step, the robot
points down directly to the closest area in front of its body.
The color is further used in order to specify how the floor
should look like in the 3D representation of the environment
mentioned at the beginning of the section.

Figure 5 shows the initial 3D world representation after
extracting the color of the floor.

B. Search for a target object candidate

The next step deals with the acquisition of a target candidate
that can become a certain goal after a few selected actions are
taken. As can be seen in 11, depending on the distance and
relative orientation to the pallet, the visibility conditions may
vary drastically. We have developed an algorithm for this stage
that reliably detects close pallets and suggests good candidates
when the distance to the target increases. The algorithm pro-
cesses the images in several steps beginning with a superpixel
segmentation as reported in [4]. This step performs a color
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Fig. 4: Hierarchical state machine used in the experiment. There are six macro states and the Standby and Final destination.
Each macro state includes inner states representing with finer detail the structure of each stage. Note the arrows pointing back
to former states, signalling failure situations that prevent the normal working of the plan

based partition of the image using graph techniques. The result
of processing an image with this technique can be seen in
figure 6.

The superpixel segmentation outputs a list of regions, each
one pointing to a list of pixels in the image. We describe now
the remaining steps carried out by the algorithm and depicted
in figure 7.
• Gray scale transformation and range reduction down to

100 bins using the following expression:

gi = 100∗ (Ri +Gi +Bi)/755 (1)

where g is the final gray level assigned to pixel i. The goal
of this step is to reduce the sensibility of the segmentation
algorithm to small variations in color.

• Apply a flood fill algorithm placing seeds at the center
of each gray level region. The output is a list with the
position and size of the rectangles surrounding the regions
and the total number of pixels inside each one. The result
is shown in figure 7 under the subtitle Detected regions.

• Grouping of compatible overlapping regions to further
reduce the number of separate regions belonging to the

same object. The criterion for compatibility is expressed
in the following conditions:

merge(ri,rk)⇔

‖color(ri)− color(rk)‖< Tc
∧

size(ri)∩ size(rk) > Ta

(2)

where merge() is a predicate that merges regions ri and rk
if both conditions are satisfied, being color(ri) the mean
rgb color and size(ri) the size in pixels of i. Tc is an
empirical threshold for color absolute difference and Ta a
threshold for size difference. The set S of current regions
is updated correspondingly:{

St+1← St −{ri,rk : ri,rk ∈ St ∧merge(ri,rk) = true}
St+1← St +{merge(ri,rk)}

(3)
The output of this step is shown in figure 7, over the
subtitle Overlapping.

• In this step most of the regions belonging to the floor are
eliminated from the current list and the mean color of
the floor is reestimated. To do so, regions are sorted by
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Fig. 5: Top: the 3D representation of the modelled world.
Bottom: an image fetched from the real camera (left), and
the predicted image using the 3D engine (right).

Fig. 6: Left, original image. Right, superpixels obtained with
the Felzenswalb and Huttenlotcher segmentation algorithm

the value of the Y coordinate (vertical axis in image) in
ascending order. The list arranged this way holds, in the
initial positions, the regions situated lower in the image
and, therefore, closer to the robot. for each one of them,
its mean rgb color is compared to the current floor color,
as obtained in the Get floor color subsection. If the region
color is close enough to the floor color, the region is
removed form the current list S:

St+1← St −{ri : ri ∈ St ∧ rgb(ri) < Tc} (4)

and the mean floor color is updated using the following
expression:

rgb(F) = rgb(F)∗ (1−λ )+ rgb(ri)∗λ (5)

where color(F) is the RGB current mean color of the

floor and color(ri) is the mean color of region i. The
output of this step is shown in figure 7, over the subtitle
Floor substraction.

• Now the shape of the regions is analysed to eliminate
those with a clear elongated shape. To obtain a better
estimate of the region shape than the provided as an
enclosing square by the flood fill algorithm, we compute
the auto-correlation matrix of the points belonging to the
region:

M =

(
∑(x̄−xi)

2

N
∑(yi−x̄)(xi−ȳ)

N
∑(yi−x̄)(xi−ȳ)

N
∑(ȳ−yi)

2

N

)
(6)

A simple check on the ratio between the eigenvalues of M
gives us a criterion to eliminate elongated regions, such
as those corresponding to the junctions among the floor
tiles. Then set of admitted regions S gets updated as:

St+1← St −
{

ri : ri ∈ St ∧
λ1

λ2
< Tλ

}
(7)

being λ1 and λ2 the two eigenvalues of M. The output
of this step is shown in figure 7, over the subtitle Shape
analysis.

• The last feature analysed is the size of the region in the
world reference system. To estimate it we assume that the
object is on the floor. Knowing the geometry of the robot
and of its cameras it is straightforward to backproject the
optic rays passing through any pixels of the region, and
calculate the point of intersection with the floor plane.
From these 3D coordinate an overall size can be easily
computed. Those regions too big or too small are removed
form S:

St+1← St −{ri : ri ∈ St ∧ size(ri) < Ts} . (8)

being Ts a threshold on admitted sizes derived from
knowledge of the pallet real size. The output of this step
is shown in figure 7, over the subtitle Size restriction.

• The final candidate is selected comparing all the remain-
ing regions in the list to a model pallet P stored in
memory. Empirically, the most reliable feature to select a
final candidate is its RGB color, so a direct check using
the euclidean RGB distance to the model pallet color is
performed and the best region selected:

St+1←
{

ri : argmin
i

(‖rgb(ri)− rgb(P)‖)
}

(9)

C. Approach the candidate object to gain a favorable point
of view

Once a candidate object has been detected, the robot
starts an approaching behavior that should take it to a close
and favorable point of view. We define here favorable as
a combination of the distance from the robot to the object
and the percentage of image it occupies. To accomplish this
subtask several concurrent behaviors must be active. In order
to move the robot towards the target position, the world
coordinates of the target are given to the previously mentioned
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Fig. 7: Segmentation and classification process for extraction of candidate regions. See text for details.

“RobotTrajectory” component. It computes the path to be
followed and drives the robot according to it. Trajectories are
computed using Bézier curves so, not just the final position can
be provided, but also a specific final orientation. Third degree
Bézier polynomials are simple and easy to use curves, as long
as the initial and final orientations can be specified. Regarding
the cameras, the tracking component fixates the candidate
object triggering correcting saccades on the left camera when
needed. It is worth mentioning that, despite the robot has a
stereo vision system, only the left camera is used.

D. Recognize or reject the candidate object and estimate its
orientation on the floor

When the robot enters the “recognize or reject” state, a
rapid test to accept or discard the candidate object is run.
At the same time, its orientation on the floor is estimated.
The process has two different stages. First, a set of texture
descriptors computed on the regions of interest is requested to
the VisionComp component (see graph of components in Fig-
ure 3). Then, we match the obtained set of descriptors against
a collection of templates using a simple voting scheme[1]. If
the classifier returns a positive answer, the object is recognized
as a pallet and the subtask proceeds.

The second stage consists on computing the main orienta-
tion of the object. This is achieved by calculating the histogram
of gradients of the bounding box surrounding the candidate
object. The orientation of the pallet on the floor is computed as
the main mode of the histogram. This completes the estimation
of the initial pose of the pallet and triggers the beginning of
the next state.

E. Refine object pose estimation

When entering this state, the robot believes that it is taking
a close look at a pallet. However, its pose estimation being
still imprecise, he decides to refine the estimated pose of
the pallet. A known 3D wire-frame model of the pallet with
its real dimensions is used to achieve this task. Using the

OSG 3D engine, the pallet model and the already mentioned
InnerModel class (a continuously updated representation of
the state of the robot), it is easy to render the virtual pallet.
This way, the scene is rendered with the pallet in the estimated
pose, as it should be seen by the real left camera of the robot.
This virtual image is subtracted from the real image using a
euclidean metric in RGB space:

IDi f f =
∥∥Ir−Rx,y,λ ))

∥∥ (10)

The result is converted to grayscale and binarized using an
adaptive Otsu threshold. Finally, all white pixels are counted to
obtain a score. This value must be greater than a predefined
threshold. If it is not, the pallet is also rejected. If this test
succeeds the procedure is iterated varying the position and
orientation of the pallet in a small range to obtain the pose
that minimizes the sum of white pixels:

P = argmin
x,y,λ

∥∥Ir−Rx,y,λ ))
∥∥ (11)

P is the final pose, Ir is the current image as taken by
the left camera and Rx,y,λ is the image synthesized by the
OSG rendering engine with the model pallet set at x,y,λ
coordinates.

The pose P is selected as the new estimated pose. This loop
is repeated twice, reducing the second time to half the search
range in the x,y,λ dimensions. Figure 8 shows how the wire-
frame model looks when it is drawn in the image from the real
camera and the corresponding image from the virtual camera.

F. Final approach and pick up operation

Once a good estimate of the pose is obtained, this last
state moves the robot towards the pallet by a remote call to
the ”RobotTrajectory“ component. Before exiting this state,
the forklift should have entered smoothly through the pallet
openings. Four infrared sensors placed in the forklift arms,
two in each one, send a signal to the component when they
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Fig. 8: Final estimation of pallet pose after iterating over x,
y and α computing de difference between the real and the
synthetic images

are occluded by the pallet. This information triggers the lifting
behavior that is performed by the Fork component.

VII. EXPERIMENTAL RESULTS

The experiments have been conducted using the RobEx
platform [10], [14] (see figure 2). In the experiments the
floor does not have a totally homogeneous texture, but its
dominant color is different from the surrounding walls. Figure
9 shows a sequence of six pictures in which the robot detects,
approaches, recognizes and estimates the pose, maneuvers and,
finally, picks and manipulate the the pallet. Figure 10 provides
an overhead perspective of the environment.

The experimental procedure used to evaluate the robustness
of the system (both the algorithms and the state machine
used) is the execution of the task with different values for
the variables defining the pallet pose: pallet distance d and
pallet orientation a. Distance has been tested for three different
values: 100, 150 , 200 and 250 centimeters. Pallet orientation
takes the following values: −π/2, −π/3, −π/4, 0, π/4,
π/3 and π/2 radians. For each of the possible combinations
the task is performed three times. Thus, a total of 84 tests
were run. Results are shown in table I. Cells containing
the character X express a 100% of success for the whole
subset of experiments. By contrast, those cells containing an
additional X indicates a certain percentage of failure for the
corresponding pallet pose and those marked with a single X
express a 100% of failure.

TABLE I: Experimental results

−π/2 −π/3 −π/4 0 π/4 π/3 π/2
100 X X X X X X X
150 X X X X X X X
200 X X X X X X X X X
250 X X X X X X X

As expressed in the table, all failures are related to the robot-
pallet distance. Thus, when it is far enough the robot can not
recognize the pallet. Figure 11 shows the pallet at 200 meters
with an orientation of −π/2 and 0 radians respectively. It
can be observed that the size of the projection of the pallet
varies depending on the orientation. This problem becomes
permanent when the pallet distance increases in such a way
that the robot can not recognize it at any orientation. In these

(a) (b)

(c) (d)

(e) (f)

Fig. 9: Sequence of images showing different states of the
pallet manipulation experiment: (a) detection of the pallet; (b)
approach the target position; (c) visual tracking of the target;
(d) refine pallet pose estimation; (e) final approach; (d) pick
up operation.
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Fig. 10: Overhead perspective of the environment used for the
experiments.

situations, any detector would fail since the visual information
is not enough to obtain reliable results. We think that this
question can only be solved using an active approach that
actively drives the robot in search of the pallet. In our detection
scheme, it would translate into new states and transitions that
would endow the robot with the necessary behaviors to affront
and solve the aforementioned situations.

Fig. 11: Perspective of a pallet, with different orientations,
situated two meters away from the robot

VIII. CONCLUSIONS AND FURTHER WORK

In this paper we have described an experiment designed to
study the problem of sequential integration of behaviors in a
real manipulation task conducted by a mobile robot. Instead
of using complex and time-consuming algorithms, robust
behavior is achieved by iterating motor and perceptual states.
In these states, the robot selects, approaches and verifies its
target, in such a way that uncertainty is reduced by an iterative
global behavior mediated by active perception. Embedding
plans in state machines has proved an efficient technique for
achieving complex sequential goal in mobile manipulators.

In order to build complex behaviors for the robots, we need
to handle complex software systems using state of the art
software engineering technologies. These new tools must pro-
vide us with the necessary means to ensemble many different
concurrent processes, each one contributing to a piece of the
overall robot behavior. We have shown how one of these tools,
RoboComp, can be further extended to include hierarchical
and concurrent state machines providing a necessary level of
sequential control. Further work needs to be done to achieve
higher levels of robustness and repeatability. Each vision

algorithm can be improved individually and the whole state
machine can be augmented with new states representing active
relations between the robot and its environment. An interesting
direction of research would be to apply machine learning
techniques to modify on-line some internal parameters of the
algorithms and parts of the structure of the state machine.
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Combining invariant features and localization
techniques for visual place classification: successful

experiences in the robotVision@ImageCLEF
competition

Jesus Martinez-Gomez, Alejando Jimenez-Picazo, Jose A. Gomez and Ismael Garcia-Varea

Abstract—In the last decade competitions proved to be a very
efficient way of encouraging researchers to advance the state
of the art in different research fields in artificial intelligence.
In this paper we focus on the optional task of the RobotVi-
sion@ImageCLEF competition, which consists of a visual place
classification problem where images are not isolated pictures
but a sequence of frames captured by a camera mounted on
a mobile robot. This fact leads us to deal with this problem not
as stand-alone classification problem, but as a problem of self
localization in which the robot’s main sensor only captures visual
information. Thus, we base our proposal on a clever combination
of Monte-Carlo-based self-localization methods with optimized
versions of scale-invariant feature transformation algorithms
for image representation and matching. The goodness of our
approach has been validated by being the winners of this task
in the 2009 RobotVision@ImageCLEF and 2010 RobotVision
ImageCLEF@ICPR competitions.

Index Terms—computer vision, robot localization, place recog-
nition, semantic place representation.

I. INTRODUCTION

IN the last decade competitions proved to be a very efficient
way of encouraging researchers to advance the state of

the art in different research fields in artificial intelligence:
KDDCUP (data mining), RoboCup (robotic soccer), Image
processing and retrieval (at CLEF or ICPR), Computational
Intelligence in Games, DARPA gand and urban challenge
(autonomous driving), time series forecasting (at IJCNN), etc.

Image classification is one of the most difficult problems
in computer vision research. This problem becomes highly
complex when images are captured by a robot’s camera
within dynamic environments with occlusions and illumination
changes. One of the main applications of visual classification
is robot localization, but this adds several constraints to the
process. The most important one is the processing time, as
images need to be processed in real-time.

Visual classification techniques with applications in indoor
robot localization (visual place classification) typically use the
information retrieved from sequences of training images.
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The approaches presented here carry out classification by
using techniques such as Scale-Invariant Feature Transform
(SIFT) [10], RANSAC [4], and the well-known Monte Carlo
localization method [3].

SIFT is used to extract invariant features from images and
also to perform a preliminary matching. RANSAC provides us
with a useful technique to improve the first matching obtained
with SIFT by discarding invalid correspondences. The Monte
Carlo localization method was used to take advantage of the
similarity between consecutive frames and its relationship with
the robot’s location.

All experiments were carried out following the proposed
procedure, using the appropriate training sequences and a
final test sequence. Our proposals were evaluated for the two
proposed tasks: obligatory (classification must be performed
separately for each test image) and optional (the algorithm
can exploit the continuity of the sequences), which is a more
realistic localization task.

The rest of the article is organized as follows: a brief intro-
duction of the task is given in Section II; Section III provides
an overview of the main proposals from other participant
research groups; all the techniques that have been used to
develop our proposals are explained in Section IV; Section V
presents a full description of the proposals for 2009 and 2010;
Section VI offers official results to show the performance of
the proposed solutions and conclusions and future work are
discussed in Section VII.

II. ROBOT VISION TASK

The RobotVision@ImageCLEF task [18], [16] addresses the
problem of visual place classification. Participants are asked
to classify rooms and semantic areas on the basis of image
sequences captured by a camera. This camera is mounted
on a mobile robot that moves within an office environment
under varying illumination conditions. Participant systems
should be able to answer the question “where are you?” when
presented with test sequences containing images acquired
in the previously observed part of the environment (using
different viewpoints and acquired under different conditions)
or in additional rooms that were not imaged in the training
stage (these rooms should be labelled with the new room
category).

There are two subtasks: obligatory and optional. For the first
subtask, the classification has to be performed without taking
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into account the order and the relationship between frames.
The second subtask is optional but is more related to robot
localization. Within this subtask, the classification algorithms
can take advantage of the continuity of the sequence of test
frames.

The competition starts with the release of annotated training
and validation image sequences from a database (COLD-
Stockholm [15] in 2010 and KHL-IDOL2 [12] in 2009). These
data sets could be used to train different systems and to
evaluate their goodness by using the validation data set.

The final test image sequence is released later and con-
tains images acquired in the same environment but including
additional rooms not imaged previously. In addition, lighting
conditions vary from the training to the validation and test
sequences.

A. Data Set

There are three main data sets: training, validation and
test. Training sequences are used to generate the classification
systems and validation sets can be used to evaluate the
performance of preliminary proposals. Training and validation
frames are labelled with the room and, therefore, some pre-
liminary scores can be obtained. Test frames are not labelled
and the final score for a participant’s proposal can only be
obtained by submitting the results to the organizer’s website.

The number of frames in the different data sets can be
observed in Table I.

Sequence Frames Rooms Lighting Conditions
2009 Edition

Training 1 1034 5 Night
Training 2 915 5 Cloudy
Training 3 950 5 Sunny
Validation 1 952 5 Night
Validation 2 928 5 Cloudy
Validation 3 909 5 Sunny
Test 1600 6 Cloudy

2010 Edition
Training Easy 8149 9 Cloudy
Training Hard 4535 9 Cloudy
Validation 4783 9 Night
Test 5102 12 Night

TABLE I
ROBOTVISION DATA SET INFORMATION

The main difference between the KHL-IDOL2 (2009) and
the COLD-Stockholm (2010) database is the information pro-
vided with the training image sequences. Images from the
2009 database were labelled with the room where the frame
was taken and the complete < x, y, θ > of the robot’s pose.
The map of the environment was also provided. With respect
to the 2010 database, the information related to the robot’s
pose was removed and therefore only the room in which the
frame was captured was provided.

All classes used to label training and validation frames are
semantic terms extracted from indoor environments such as
“corridor” or “printer area”. Figure 1 shows several exemple
images from the cloudy training sequence of the 2009 CLEF

Corridor Two-Persons Office One-Persons Office

Printer Area Kitchen Toilet (test sequence)

Fig. 1. Examples of images from the CLEF 2009 database.

Corridor Large Office 2 Students Office

Laboratory Small Office 1 Large Office 1

Printer area Kitchen Elevator

Fig. 2. Examples of images from the CLEF 2010@ICPR database.

edition and an image from the test sequence (bottom-right).
For the first edition, only 5 different semantic categories were
used for training and just one new room not imaged previously
(toilet) was added for the test sequence.

The number of semantic categories used for the task was
drastically increased for the 2010@ICPR edition (from 5 to
9). Three categories were kept from the 2009@ImageCLEF
edition (corridor, printer area and kitchen), and six new
categories were added (elevator, laboratory) or modified from
the previous edition (student office, large office 1, small office
and large office 2).

B. Performance Evaluation

Robot Vision task organizers use several rules to calculate
the final score for each submitted run:
• +1.0 points for each correctly classified image (correct

detection of an unknown room is treated in the same way
as correct classification).

• −0.5 points for each misclassified image.
• +0.0 points for each image that was not classified (the

algorithm refrained from the decision).
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The final score will be a sum of points obtained for the test
sequence. The test sequence consists of a single set for the
2009 edition and two sets (easy and hard) for the 2010@ICPR
one. This score is used as a measure of the overall performance
of the user proposals.

III. OTHER GROUP’S PROPOSALS

Seven groups registered and submitted at least one run for
the 2009 edition of the Robot Vision task [18], with a total of
27 submitted runs. The number of participant groups increased
to 8 for the 2010@ICPR edition [17], and the number of
submitted runs also rose(29).

A. Glasgow - 2009

The multimedia Information Retrieval Group from the Uni-
versity of Glasgow achieved second position for the optional
task using point matching technologies with rule-based deci-
sion techniques. Point extraction was performed by employing
the Harris corner detector [8] and an illumination filter called
Retinex [21] was applied to increase the number of interest
points that can be extracted. The main drawback of this
proposal is the hard assumption that all frames will contain
similar content and geometric information. This assumption
will be wrong with hard variations for the viewpoint the frames
were taken from. The Harris corner detector will fail when
facing changing environments and anoother invariant point
extractor should be selected.

B. LSIS - 2009

Another interesting solution for the 2009 task was that
proposed by the Laboratoire des Sciences de l’Information
et des Systemes (LSIS), La Garde-France [7]. This proposal
constructs a Support Vector Machine (SVM) using two dif-
ferent types of features: the new Profile Entropy Features
(PEF) and the generic Descriptor of Fourier (DF) [20]. PEF is
proposed by the LSIS group and combines RGB colour and
texture, yielding one hundred dimensions. The SVM classifier
is generated by using 19 sub-classes created from the 5 original
rooms. A total of 19 different binary SVM classifiers were
generated and their outputs were combined to get the final
decision. The SVM model generated on PEF achieved 4th
position for the obligatory task but needed much less training
time than the other systems (around 50 times less). The SVM
model using only the Descriptor of Fourier obtained a negative
score, indicating the importance of the features extracted (even
using an efficient and robust classifier such as SVM).

C. CVG - 2010@ICPR

The winner of the obligatory task for the 2010@ICPR
edition was the Computer Vision Group, from the ETH Zurich.
This group presented a novel and interesting proposal [6]
based on the use of visual words [5] computed from SIFT
features. Each test frame is classified using a similarity ranking
performed using the visual words, already extracted from
the training frames. An additional and useful constraint is
considered, based on a geometric verification. This verification

uses depth information and is computed using the planar 3-pt
algorithm [14], which assumes that the robot is moving in a
plane.

IV. TECHNIQUES

This section gives a brief introduction to all different
techniques that were used in our proposal for the Robot
Vision challenge. They all are well-known techniques that have
proved their goodness in different scenarios. Monte Carlo was
the selected localization method, using SIFT for the image
processing (needed for the update phase). RANSAC was used
to improve SIFT matching by discarding outliers.

A. SIFT

In order to perform a correct comparison between (at
least) two frames representing the same scenario, appropriate
features should be used. These features have to be invariant
to changes in the position where the frames were captured.
Frames to compare can be acquired over different lighting
conditions but such changes should not affect the quality of the
comparison. In addition to this, some elements in a dynamic
environment can be removed, added or replaced.

All these factors mean that it makes no sense to use classical
computer vision techniques based on the Hough transform
[22](such as line or square recognition) to solve the problem of
robot localization using visual information. These techniques
rely on specific scenario elements which (in the problem we
are dealing with) are liable to be removed or replaced.

The most popular technique for extracting relevant features
from images is the Scale-Invariant Feature Transform (SIFT)
[11]. The main idea of this algorithm is to apply different
transformations and study the points of the image which are
invariant under these transformations. These extracted points
can be used to perform object recognition by carrying out
a matching between images representing the same object or
scenario.

Features extracted are invariant to image scale and rotation,
and they are also robust to noise and changes in viewpoint.
An important characteristic of systems developed to perform
object recognition using SIFT is that they are robust to partial
object occlusion. On the other hand, the algorithm presents
a high computational cost that is an important drawback for
real-time systems.

In order to deal with the considerable processing time of
the algorithm, an implementation of the algorithm over the
graphics processor unit (GPU) was considered. The selected
implementation (named “SiftGPU”1) speeds up the process
and allows us to perform a higher number of experiments.

B. RANSAC

Random Sample Consensus [4] (RANSAC) is a non-
deterministic iterative method for estimating a mathematical
model from a dataset. The idea behind RANSAC is to find
a significant group of points which are all consistent with
a specific model and reject the remaining points as outliers.

1http://www.cs.unc.edu/ ccwu/siftgpu/
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In order to achieve this goal, RANSAC iteratively estimates
models using a random subset of points and evaluates these
models with the complete dataset. The algorithm ends when
certain constraints (such as the obtained model accurately
fitting the data) are overcome or after a maximum number
of iterations is reached. The RANSAC paradigm is formally
stated as follows:
• Given a model that requires a maximum of n data points

to instantiate its free parameters, and a set of data points
P such that the number of P is greater than n [](P ) ≥ n],
randomly select a subset S1 of n data points from P and
instantiate the model. Use the instantiated model M1 to
determine the subset S1∗ of points in P that are within
some error tolerance of M1. The set S1∗ is called the
consensus set of S1.

– If ](S1∗) is greater than some threshold t, which is
a function of the estimate of the number of gross
errors in P , use S1∗ to compute a new model M1∗.

– If (S1∗) is less than t, randomly select a new subset
S2 and repeat the above process. If, after some
predetermined number of trials, no consensus set
with t or more members has been found, either solve
the model with the largest consensus set found, or
terminate in failure.

There are three free parameters in RANSAC:
• The error tolerance that defines whether or not a point is

compatible with a model;
• The number of subsets that defines the number of itera-

tions;
• The threshold t that defines the number of compatible

points used to decide if the right model has been found.
Our proposal for the 2010@ICPR edition of the Robot

Vision task uses RANSAC to improve the initial matching
obtained with SIFT. Such initial matching obtains a high
number of outliers that do not fit the real correspondence
between two candidate images. Fig.3 illustrates the result of
a matching between the invariant points extracted from two
images and how the outliers (red lines) are discarded using
RANSAC.

C. Monte Carlo Localization Method

The Monte Carlo Localization method [3] (denoted as
MCL-method) is a method to determine the position of a
robot given a map of its environment. This method is basi-
cally an implementation of the particle filter applied to robot
localization and has been proposed for use within indoor
dynamic environments. The MCL-method keeps information
about different environment locations and allows us to repre-
sent uncertainty about the robot’s localization.

The main alternative to the use of the MCL-method for de-
veloping a robot localization algorithm are (Extended) Kalman
filters [13]. This alternative method was not considered for
our 2009 edition proposal because it only keeps information
about a single robot’s location and it is necessary to know the
robot’s initial pose. Moreover, this method presents problems
when the uncertainty about the pose increases significantly.

Fig. 3. SIFT matching between two images where outliers (red lines) are
discarded.

Using a particle filter approach, the density of the local-
ization is represented by a set of N random samples drawn
from it. Each one of these samples or particles represents a
robot’s pose < x, y, θ >. Using the set of samples (Sk =
{si

k; i = 1..N}) we can approximately reconstruct the density
and estimate the robot’s localization.

At each time-step k the MCL-method recursively computes
the set of particles that is drawn from the information
sensed at k. In the scope of ImageCLEF RobotVision, the
information sensed from the environment is that retrieved
from the image captured at time-step k.

The iterative MCL-method proceeds in two phases (where
uk denotes the movement order sent to the robot at time-
step k and zk represents the information sensed from the
environment at k):

Prediction Phase This phase starts from a set of particles
Sk−1 computed in the previous iteration. The method applies
the motion model to each particle si

k−1 by sampling from the
density p(xk|si

k−1,uk−1) :

(i) for each particle si
k−1: draw one sample s′ik from

p(xk|si
k−1,uk−1)

We obtain a preliminary set of particles at time k S′k,
when we have not yet incorporated any sensor measurement.

Update Phase The second phase takes into account the
measurement zk, and weights each of the samples in S′k by
the weight mi

k = p(zk|s′ik ), i.e. the likelihood of s′ik given zk.
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We then obtain Sk by resampling from this weighted set:

(ii) for j=1..N: draw one Sk sample sj
k from {s′ik ,mi

k}

The resampling selects, with higher probability, samples
s′ik that have a high likelihood associated with them, and in
doing so a new set Sk is obtained that approximates a random
sample from p(xk|Zk).

After the update phase, steps (i) and (ii) are repeated
iteratively. The filter is initialized at time k = 0 with a random
sample S0 = {si

0} from the prior p(x0).
While the method is being applied, the best particles should

be duplicated and the worst particles should disappear from
the set of samples. After some iterations, the algorithm should
converge with all particles around the real robot’s pose. This
situation is shown in Fig. 4, where blue circles represent the
particles for three time-steps. The size of the circumferences
represents the weight of the particles mi

k = p(zk|s′ik ). It can
be observed how most of the low-weight particles from the
first iteration disappear in the third one. On the other hand,
high-weighted particles are duplicated.

V. PROPOSAL

All our work is focused on the optional task because we
want to develop robotic systems that can feasibly be used
in the real world. For the obligatory task (mandatory) we
presented the result of applying a subset of our processing.
This subset was used to define the image processing necessary
to perform the optional task. The temporal and spatial relation-
ship between consecutive frames was not considered for the
obligatory task, where the sequence of test frames could differ
from the original one.

A. 2009 Proposal

Our proposal for the 2009 RobotVision@ImageCLEF
competition was to develop a localization method based on
the use of particle filters. We used an MCL method and (as
was mentioned in Section IV-C) we needed a motion model
(for the prediction phase) and an image processing algorithm
to sense the information from the environment (and use this
information within the update phase).

1) Image Processing: A preliminary pre-processing step
was applied to extract all the available information from the
training sequences. This process stored (for each training
frame) the complete pose of the robot < x, y, θ >, labelled
with the correctly classified room Ci and the set of m
SIFT points extracted from that frame [P1...Pm]. This feature
extraction can be performed offline.

Once we had extracted all training information, we defined
the way to classify each test frame. This classification was
performed based on the similarity computed between each test
frame and all training frames. For each test frame, we obtained
a similarity ranking and classified that test frame with the label
of the k most similar training frames. This process is similar
to the k-nearest neighbor algorithm [2].

The main problem of this approach is the processing time
necessary to perform a SIFT matching (∼= 0.18sec per image).
Another important drawback is the problem of invariant feature
extraction (by using SIFT) when facing lighting changes.
Extracted SIFT features heavily depend on lighting conditions
under the frame was taken. Therefore, matchings between
two frames taken from the same viewpoint (and room) but
acquired under different lighting conditions will not obtain a
high similarity score.

In addition to this slow processing based on similarity, we
added an extra step based on the detection of natural envi-
ronment landmarks. Robot localization by using environment
landmark detection is commonly used in the scope of the
RoboCup [1], [19]. We applied a Hough transform[22] to study
the distribution of the lines and squares obtained. Environment
landmarks such as the corridor ceiling or the external door lo-
cated in the printer area were selected as unchanging sections.
Some examples of these detections can be observed in Fig.
5, where the corridor class is detected. A corridor situation
is defined as a frame with a large number of vertical lines
(higher than 20) and two symmetric lines starting from the top
of the image and representing the ceiling. Vertical lines will
correspond with to doors, wardrobe and other elements likely
to appear within a corridor. The execution time of this extra
step on a current computer was lower than 0.005 seconds.

Fig. 5. Corridor detection. Purple lines are candidates and green lines are
the correct ones.

Natural landmarks should be selected carefully, taking into
account that these landmarks should be highly discriminative
elements that are easy to detect under changing lighting
conditions. All selected landmarks should have specific char-
acteristics that cannot appear in new unknown rooms. We
only used the corridor ceiling (larger than all the other room
ceilings) and a window combination for the Printer Area.

Fig. 6. Printer Area detection. Purple squares are candidates and green
squares are the correct ones.

2) Localization Algorithm: In order to reduce the number
of comparisons and to take advantage of the similarity
between consecutive test frames, we added a particle filter. It
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Fig. 4. Particle convergence after three iterations of the MCL method, where circles represent particles and the size of circles is used for a particle’s weight.

was necessary to define a particle representation and how the
prediction and update phases are iteratively applied.

Particle Representation: Each particle is represented
by three numerical values (representing the pose of the
robot): x and y are used for position and θ for orientation.
These parameters have continuous numeric values. The limits
for x and y values are the boundary of the environment. In
this case, values for the x component are between 0 and 1500
centimetres. Bounds for the y component are 0 and 2500
centimetres.

Prediction Phase: This step applies a movement model
without knowing the movement order sent to the robot
between test frames. We assume that the robot movement
will be similar to that performed during the training (training
frames were acquired while the robot was moving). The
average robot velocity was estimated from the difference
between the poses of the training sequence. We obtain the
average linear and angular velocity, which are defined in
centimetres (and degrees) per frame.

We add white noise in this step to represent some
uncertainty in the obtained movement. This noise applies a
random variation based on the particle’s weight, obtaining
higher variations for worst particles. Using this approach,
best candidates will obtain minor changes.

Update Phase: This phase obtains the weight for each
particle using the information extracted from the test frame

to classify and from the training sequence. Each particle is
weighted by matching the SIFT points of the test frame with
those extracted from the training frame taken from the pose
the particle represents. We only have SIFT points extracted
from a discrete number of poses in the environment and so
we have to select the nearest training frame to the particle’s
pose.

Once we have weighted all particles, the robot’s position
is estimated using the particle information: xi, yi and weight
wi. The average robot position is obtained as a weighted sum,
taking into account the particle weight:

x̄ =
∑
i=0

xi × wi, ȳ =
∑
i=0

yi × wi

Each test frame will be labelled with the room belonging
to the average robot position, or not labelled if this position
is between two rooms.

We noticed that some test frames were not represented by
any training frame, failing all the available SIFT matchings.
The main consequence of this situation is that the weight of
all the particles decreases continuously and they are spread
over the environment. When facing this situation and finding
new false positives, particles will converge to wrong areas and
the robot’s location will not be correctly obtained.

In order to avoid this situation and to escape from wrong
convergences, we added an extra step to the original process
(basic MCL method). This step performs a population ini-
tialization when the best particle’s weight is below a certain
threshold (similar to approaches to escape from local optima).
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This first modification improved the system behaviour but the
process became unstable and the algorithm presented problems
to achieve convergence.

At this point, we decided to restrict the negative effect of
population initializations, performing them over restricted en-
vironment areas. We assumed that it is possible to detect when
our algorithm converges (all particles are close together) and
that this event represents a perfect pose estimation (particles
represent robot’s current pose).

Future population initializations will be carried out over a
restricted area. This area is defined as a circumference with
radius r and centred at point < xa, ya >. This radius r
is a function of the instability level (obtained with the best
particle’s weight for the last n iterations) and the value of point
< xa, ya > that was obtained under the last stable situation
representing the robot’s most reliable pose.

Fig. 7. Population re-initialization over a restricted area represented by the
green circle.

A re-initialization is shown in fig 7, where a new population
is created by spreading particles over the area covered by the
green circle.

The stability of the algorithm could be estimated by study-
ing the variation in the pose of the particle. The process will be
stable when the variation obtained for the x and y components
of the last n pose estimations is sufficiently small (all particles
are spread over a small portion of the environment). The
next step was to define a state for the algorithm based on its
stability: When the algorithm is stable(i), no population initial-
izations are performed. Otherwise, the initialization depends
on the instability level. If the algorithm has been stable for
the last few frames and it becomes unstable(ii), initialization is
performed over a restricted area (a circumference centred at the
most reliable robot position, obtained from previous iterations
with a stable process). The size of this area depends on the
instability level. If the algorithm has been unstable for the last
few frames(iii) and a new initialization has to be applied, all
the particles will be spread over the whole environment.

The whole process is shown in Fig. 8, where these three

situations (and the action associated to each case) are shown.

Fig. 8. General Processing Scheme.

B. 2010 Proposal

In this edition, the training information provided by the
RobotVision@ICPR organizers prevented us from applying
localization principles. Training frames were just labelled
with the room where they were taken and the map of the
environment was not provided. The task was reduced to a
visual place classification problem and we decided to improve
the classification techniques used for the 2009 edition.

First of all we adopted the GPU implementation of the
SIFT algorithm (known as SiftGPU). This implementation
speeded up the process for the system training and allowed
us to perform a higher number of experiments and tests.

Training frame pre-processing. In order to reduce the
amount of information to work with and to discard redundant
frames, we added training sequence pre-processing. All
training frames were converted to greyscale. After this
conversion, we computed the difference between two frames
as the absolute difference for the colour, pixel by pixel
(an example of the difference is shown in Fig. 9). Each
frame whose difference between it and the last non-removed
frame was lower than a certain threshold (0.05% in all our
experiments) was removed from the training sequence.

Once we had rejected all redundant information, we
selected a subset of the most representative training frames.
This process was performed as a k-medoids [9] clustering
algorithm and the similarity between two frames was
computed by matching the SIFT points extracted from
them. An example of the training sequence pre-processing is
illustrated in Fig. 10, where the first row of frames represents
the complete training sequence, the second row is used to
show which frames are removed (because they are redundant).
Finally, the most representative frames are shown in the third
row in Fig. 10.

Frame Classification. The complete process for classifying
a test frame consists of three steps. First, SIFT points are
extracted from the current frame. Second, we compute the
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Fig. 10. An example of sequence pre-processing where redundant frames are discarded and best candidates are selected as representative.

Fig. 9. Difference computed between two frames

similarity between the current frame and the training frames
by means of the percentage of matching points (SIFT +
RANSAC). Finally, these similarities are used to classify the
test frame.

The similarity value between a test frame and a training
frame is obtained using SIFT matching and RANSAC. After
all the SIFT matching points are obtained, RANSAC is applied
to discard the outliers. The percentage of common points
between both frames is stored as the similarity value.

Each test frame can be classified as a room, marked as
unknown or not classified. A ranking with the best n similarity
values and its associated rooms is obtained. We compute the
sum of the similarity values separately for the different rooms
in the ranking. The test frame will be classified as the room
with the highest value when this value clearly exceeds all
the other ranking rooms, otherwise it will not be classified.
Unknown is used to denote a test frame acquired in a room

not included in the training rooms and will be used when the
maximum similarity value is below a certain threshold (0.05
in the experiments). A complete classification process where
the test frame is matched with all the selected training frames
can be observed in Fig. 11. In this case the test frame should
be labelled as a corridor.

Fig. 11. Test frame classification using a similarity ranking of 6 training
frames

For the optional task (where the algorithm can exploit the
continuity of the sequence) we took into account the test frame
we are going to classify and the last 4 test frames already
classified. Test frames initially labelled as not classified were
labelled as the room used to classify the last 4 frames when
this room was the same. In addition to these considerations,
we avoided passing from one room to another without using
the corridor (the last test frame was labelled as not classified)

VI. RESULTS

Our proposals were evaluated by the RobotVi-
sion@ImageCLEF organizers. The performance of each
algorithm was evaluated using a score that is computed
as follows: for each correctly classified frame the score is
updated by +1.0, for each misclassified one the score is
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reduced by −0.5. A non-classified frame does not alter the
score.

Each run consisted of submitting the results for the test
sequence, using the information provided by the training
sequence.

Participants in 2009 were asked to use a specific training
sequence acquired under night lighting conditions, but in 2010,
two training sequences had to be used: easy and hard. The
amount of information to work with was higher when using
the easy training sequence. For the easy training set, the robot
was driven through the environment following a similar path
as for the test sequence. The direction followed by the robot
in the hard training set was the opposite to that used for the
easy one.

A. 2009 Preliminary Experiments

Before submitting any result file to the website, we per-
formed a set of preliminary experiments using all the available
training sequences. We generated three different classifiers,
which were trained using the training sequences acquired
under the three lighting conditions (cloudy, night and sunny).
Each one of these classifiers was tested using three validation
sequences (one for each lighting condition). These three vali-
dation sequences were selected from the set of validation se-
quences provided by the organization (KHL-IDOL2 database).
For each combination of training and validation, we applied
our processing for the obligatory and optional task, storing the
number of correctly classified, not classified and misclassified
frames. A detailed view of the results obtained is presented in
Table II.

From data collected in Table II (Obligatory task), we can
conclude that there is a high dependency of the system on
lighting changes. This dependency makes the algorithm obtain
worse results when training the classifier with different lighting
conditions than those used for testing. This situation is clearly
revealed for the obligatory task, where the best score was
always obtained using the same lighting conditions for training
and testing.

This dependency is not so important when using the addi-
tional processing included in the optional task. For all the test
sequences, (at least) 60% of frames were correctly classified.
It can be noticed that scores obtained for the different test
sequences are not so strongly dependent on training illumi-
nation conditions as those obtained for the obligatory task.
By performing a comparison between these results and those
obtained for the obligatory track, we can state that the MCL-
method notably improved the results for the optional task.

B. 2009 Competition

All internal thresholds were tuned using the proposed
validation sequences: the process was estimated as unstable
when the best particle’s weight was below 0.05 or when
average variation for the x (or y) component was above 2
(or 3) meters. The maximum radius of the circumference
used to initialize populations was 3 meters, and its value was
calculated with 3 ·m̄ (where m̄ denotes the average weight for
all the population particles).

Different runs were submitted to the website and the best
score obtained was 916.5 for the optional task and 511.0 for
the obligatory one. Table III shows the complete results ob-
tained for the 2009 competition, with the number of correctly
classified (C), misclassified (M) and not classified frames
(NC). We achieved 5th position for the obligatory task (the best
score of 793.0 was obtained by the Idiap Research Institute
from Switzerland).

Obligatory task - 5th position
Score 511.0
Correctly Classified 676
Missclasified 330
Not Classified 684

Optional task - 1st position
Score 916.5
Correctly Classified 1072
Missclasified 311
Not Classified 217

TABLE III
RESULTS FOR THE 2009 COMPETITION

Thanks to the use of a particle-filter algorithm, the final
score for the optional task improved upon the results obtained
for the obligatory one (from 511.0 to 916.5). The final score
for the optional task was the highest one of all submitted runs
from all participants, and the SIMD group of the University
of Castilla-La Mancha was the winner for the optional task.

C. 2010 Competition

For the 2010 competition, each run consisted of submitting
the results for the two training sets: easy and hard. The
complete results are shown in Table IV, and as can be
observed, our run achieved 3rd place for the obligatory task,
for which 8 different research groups submitted results.

Obligatory task - 3rd position
Total Easy Hard

Score 3372.5 2000.0 1372.5
Correctly Classified 3886 2180 1706.0
Missclasified 1027 360 667
Not Classified 189 11 178

Optional task - 1st position
Total Easy Hard

Score 3881.0 2230.5 1650.5
Correctly Classified 4224 2332 1892
Missclasified 686 203 483
Not Classified 192 16 176

TABLE IV
RESULTS FOR THE 2010 COMPETITION

Our proposal again obtained 1st position for the optional
task, for which 4 different groups submitted results.

VII. CONCLUSIONS AND FUTURE WORK

The current article presents all the proposals of our group
(SIMD) for the first two editions of the RobotVision task,
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VALIDATION SEQUENCE
Obligatory task

Night (952 frames) Cloudy (928 frames) Sunny (909 frames)
Score C M NC Score C M NC Score C M NC

Night (1034 fr.) 531 643 224 85 285 433 265 230 265.5 421 311 177
Cloudy (915 fr.) 270.5 426 311 215 404.5 538 267 123 420.5 534 227 148

T
R

A
IN

IN
G

SE
Q

U
E

N
C

E

Sunny (950 fr.) 285.5 435 299 218 358.5 457 197 247 509 615 212 82
Optional task

Night (952 frames) Cloudy (928 frames) Sunny (909 frames)
Score C M NC Score C M NC Score C M NC

Night (1034 fr.) 837.5 861 47 44 534.0 635 202 91 476.5 560 167 182
Cloudy (915 fr.) 600.5 695 189 68 680.5 748 135 45 733.5 774 81 54
Sunny (950 fr.) 725.0 791 132 29 701.0 769 136 23 798.5 823 49 37

TABLE II
SCORE, NUMBER OF CORRECT, INCORRECT AND NON CLASSIFIED FRAMES FOR DIFFERENT COMBINATIONS OF TRAINING AND VALIDATION FRAME

SEQUENCES. PRELIMINARY RESULTS OBTAINED USING SEQUENCES FROM THE 2009 COMPETITION.

within the CLEF campaign. According to the results obtained
for the optional task in both editions, visual place classification
is clearly helped by the aplication of robotic localization
principles.

Two well-known techniques, namely SIFT and RANSAC,
were used to perform the matching or comparison between
images. The disadvantage of SIFT’s high processing time
was solved by using a new implementation over the GPU.
RANSAC has been properly used to discard the outliers and
to improve the matching between SIFT points.

The percentage of common points between the test frame
and the best training frame can be used to weight the classifi-
cation. This information could be highly useful for estimating
classification quality or performance.

For future work, we aim to develop an indoor localization
system capable of being trained automatically. This system
will use the information extracted from vision cameras and that
obtained from robot actuators. This future line of research is
related to the integration of both sources of information: visual
and odometrical.
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Abstract—Computer vision is one of the most challenging 

applications in sensor systems since the signal is complex from 

spatial and logical point of view. Due to these characteristics 

vision applications require high computing resources, which 

makes them especially difficult to use in embedded systems, like 

mobile robots with reduced amount memory and computing 

power. In this work a distributed architecture for humanoid 

visual control is presented using specific nodes for vision 

processing cooperating with the main CPU to coordinate the 

movements of the exploring behaviours. This architecture 

provides additional computing resources in a reduced area, 

without disturbing tasks related with low level control (mainly 

kinematics) with the ones involving vision processing algorithms. 

The information is exchanged allowing to linking control loops 

between both nodes. 

 
Index Terms— Humanoid robots, visual servoing control, 

distributed system, embedded computing. 

I. INTRODUCTION 

HE firsts experiments in artificial vision systems dates 

back to 1950 and many of the concepts currently 

considered essentials have been stated in 1980. Since then 

computer vision system is one of the most growing topics in 

the last years with applications in many fields like supervision 

in industry process, health, security, classification and 

recognizing, agriculture and robotics. 

In all of these applications the final goal is to understand an 

image obtained using vision sensors (image-information 

transformation) going beyond the image treatment (image-

image transformation). 

In the case of robotics, vision systems are one of the most 

used sensor information sources and in the case of humanoid 

robots, by definition, is the main source for environment 

interpretation. In these robots there are many other problems 

to solve, mainly those related with locomotion stability issues 

that increase computing requirements.  At the same time many 

other topics like human-machine interaction, robot 

cooperation, mission and behaviour control give to humanoid 

robot a higher level of complexity like no any other robots.  

In this paper an active vision system is presented under the 

paradigm of distributed control architecture.  This vision 

system provides high level information after image 
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processing, and shares this information with other nodes using 

the Ethernet network.  

Nowadays, many robot competitions are being used as 

benchmark test in robotics. This is the case of Robocup which 

encourages the developments of researchers in all the topics in 

humanoid robotics, applying the results in a robot soccer 

competition.  

Robocup organization promotes, with the change of rules 

every year, to imitate in robots the human mechanism for 

perception. In this sense vision sensors are basic in this 

competition where active perception is more necessary every 

time due to limitations in the field of view to 180º. 

II. DEVELOPMENTS IN HUMANOID VISION SYSTEMS 

One of the most productive ways to analyze the behavior of 

the engineering designs are competitions because 

developments can be compared with those of other research 

groups and draw conclusions.  

The annual RoboCup competition is a meeting point of 

many research groups coming from different part of the world. 

Participants test the new developed algorithms and 

designs against adversary teams focusing in a well know high 

level goal: "win the match". Since 1997, the development of 

humanoid robots, in particular, vision systems and their 

integration into control architectures has been a driving line to 

performance improvements. 

In recent years one of the most active areas in the 

integration of interdisciplinary research efforts has been the 

humanoid robotics. The humanoid robots development 

provides a new shape of classical embedded systems 

challenges (such as stability, sensor network and integration of 

vision systems) while inspiring new challenges related to the 

natural goal of human imitation such as artificial intelligence, 

human-machine interaction and cooperation between robots 

and other cyber-physical systems. This is a very rich platform 

inspiring research in many cutting-edge technologies. 

Vision systems are becoming the main source of sensory 

information in robotic systems. Talking about image 

processing, there are available developments reached in many 

application fields like medicine, astronomy, transportation, 

entertainment and, of course, robotics. This state-of-the-art in 

image processing should be the starting point of RoboCup 

image sensors. 

The RoboCup Soccer League, which we intend to 

participate with the development proposed here, consists of a 

series of technical tests and soccer matches between robots. In 

order to make the environment images processing easier, the 

objects of interest (goals, ball, field and lines) are indicated by 

colours that can be clearly distinguished in the colour 

Embedded Distributed Vision System for 

Humanoid Soccer Robot 
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spectrum. The promoters claim the RoboCup humanoid robots 

get increasingly resemble a human, so they include restrictions 

on the design of the robot. In the field of vision, for example, 

they have restricted the field of view of cameras and limited 

the number of cameras to two.  

For RoboCup 2010 edition, the proposals of video 

processing subsystems can be organized into three main 

categories attending to the attached hardware and the 

architecture integration capabilities. 

• webcam attached to a general purpose Pocket 

Computer [1],[13],[22]. 

• webcam [4],[5],[10],[16],[17],[19],[21], CMOS 

 [3],[6],[7],[9],[11],[12],[15],[20] or 

CCD [2],[18] cameras directly attached to the main 

board. 

• CMOS or CCD cameras attached to a dedicated 

processor or micro-controller acting as a kind of 

intelligent camera [8],[14]. 

 

The vast majority of the groups present proposals using 

monoscopic vision (single camera), except for [11],[15] that 

present a stereo vision system (two cameras). Stereo vision 

systems intend to look like human vision and allow much 

more precise estimates of lengths and positions in 3D 

environments at the cost of increased use of resources. 

Mainly inherited from general purpose vision systems, the 

basic steps in video analysis followed by all participating 

teams are depicted in Fig 1. 

 All the groups use to follow this strategy (with different 

image resolutions and different colour spaces), but final 

implementation can differ in: 

• Segmentation "image scoring" instead of 

the standard for colour thresholds [17] 

• Adding some features as detecting extra lines [15], 

[16] 

• Path planning of robots from the characterization 

of the environment [11] 

• Identification of robots [13] and exchange of 

messages between robots for coordination and 

information fusion [19]. 

This paper presents a proposal for an embedded active 

vision system integrated into the distributed control 

architecture of the robot. The vision subsystem is an 

intelligent sensor capable of interpreting the environment and 

generate information to share with the rest of the control 

subsystems. 

The used scenarios in this paper is a kind of RoboCup 

environment, but the proposed hardware and control 

architecture is designed to be applied to any changing 

environment and ensures the characterization of any real-time 

dynamic environment.  

III. ROBOT PLATFORM 

A primary issue in robotics field is the environment 

perception and robot interaction. The configuration on their 

mechanical design, accuracy, low weight, etc., is a critical 

issue for biped robots where stability must be ensured in every 

moment. This goal must be present during the design process 

to obtain reliable robot architecture. 

Taking on mind these goals, the final dimensions and 

mechanical proportions for MicroBIRO-II robot are based on 

a Robocup mid-size league rules. That means that 

MicroBIRO-II has a total height of 54 cm, and a total weight 

of 4 Kg. The system is self-contained, holding aboard all the 

necessary systems to achieve autonomous movements, 

control, and real world interaction. 

MicroBIRO-II could operate up to 21 DOF. This number of 

DOF guarantees high mobility for the robot platform, and 

ensures a versatile locomotion. The DOF distribution that we 

can observe are six DOF per leg, one for the trunk motion, 

three in each arm, and two for the vision subsystem. This DOF 

distribution, enables a large number of different movements, 

like walking, kicking to a ball, getting up from floor, etc. 

One of the main rules for robot design is the use of mechanical 

material that makes their structure lightweight, but strong, and 

without mechanical deformations. For these reasons some of 

the MicroBIRO-II mechanical pieces have been designed and 

mechanized under several constraints to obtain a 3D structure, 

with low weight and high rigid constraints. As Fig 2 shows, 

the main legs pieces structure have been designed in only one 

mechanized piece, without screws or unions. This design 

ensures us a high rigid structure, with a very low weight. 

Humanoids design involves the need to obtain a mechanical 

structure with a human appearance, in order to operate into a 

human real world. MicroBIRO-II mechanical structure 

provides a final design with structural proportions similar to 

humans, achieving a human appearance, as illustrated in Fig 3.  

 

Fig 3 

 
Fig. 1.  5 Image processing stages 
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Another important point of the design process is the correct 

selection of the actuators. The weight of the actuators is quite 

significant, as they add up to 60% of the total weight, but they 

should move without error all the joints in the robot, for this 

reason we need to use a high ratio weight/torque actuators. 

Another important issue on actuators features is their 

communication topology and bus expandability. This election 

can determine the main control period on the robot. In this 

way, Robotis servomotors with RS-485 bus topology 

communication have been used like actuators on the robot, 

achieving up to 36 Kg/cm of torque in some of them, and up 

to 1Mbps. Actually the internal MicroBIRO-II  motor control 

network its capable to obtain a periodicity of 10msec, based 

on a write/read processes on all nodes. 

MicroBIRO-II includes all the power systems in its 

platform in order to achieve autonomous operation. The power 

system is composed by the Li-Po batteries and the power 

supply control board. This system gives to MicroBIRO-II a 

total energy storage of 40 Watts-hour. This power system is 

divided into different voltage system: digital supply system 

(5V), high voltage drive supply (18V), middle voltage drive 

supply (12V) and low voltage drive supply (8V). Each one of 

this power supplies are designed for different servomotor 

models running on robot. To achieve each one of the voltage 

output subsystem and minimize power losses, the power 

control board has been designed using DC-DC converters, 

with high efficiency and power output. 

IV. HARDWARE 

A. Vision System 

The vision system is supported on an embedded module. 

This autonomous device contains the necessary peripherals 

for communications with the robot through an RJ45-Ethernet 

connector, and the connection to the CMOS camera. It also 

has the power system in order to adjusting the different 

tension levels that this board needs. The computing capability 

of this embedded module is given by the core module CM-

BF537E, that is part of the Blackfin family from Analog 

Devices. Concretely the processor DSP Blackfin 537. Their 

main capabilities are:  

 

• Up to 600 MHz clock speed, 

• 132 Kbytes of L1 memory peripherals access, 

• 32 MB SDRAM, 

• 4 MB Flash 

• 25 Mhz crystal. 

 

 The sensor used in this module is an Omnivision OV7660 

CMOS camera. The camera is connected to the embedded 

system through the SCCB (Serial Camera Control Bus).This 

sensor support different image resolution modes and formats. 

 The vision system is situated in the robot's head (Fig 3). It 

can adjust its orientation relative to the axis pitch and yaw. 

The vision system must be able to handle these actuators to set 

the camera in the correct orientation to track the objects. 

B. Main Control Unit 

The main control unit of the robot is supported on another 

embedded module. The processor module integrates an 

XScale microcontroller, concretely the PXA320 processor 

type that outstands for its high performance and low power 

consumption. This board allows to the system to manage the 

SSP-SPI bus, USB, Ethernet or WiFi connection among 

others. 

A novel approach is currently under development designing 

a new board that contains an FPGA mapped in the processor 

memory. This FPGA will multiplex the actuator bis RS-485 in 

6 branches in order to manage each one of these in parallel. It 

is expected that this device will allow real-time management 

of communication buses, freeing up the main microprocessor 

from this difficult task. In this way to get the information, the 

processor reads directly as if it were an external memory. This 

  
 

Fig. 3.  MicroBIRO-II mechanical views. 

 
Fig. 2.  MicroBIRO-II DoF legs distibution. 



58 JOURNAL OF PHYSICAL AGENTS, VOL. 5, NO. 1, JANUARY 2011 

new configuration allows to dispose all the information 

contained in the actuators in each one of the control cycles. 

C. Communication  

In order to allow the information exchange between the 

vision system module and the main control unit, a messaging 

protocol based on TCP / IP has been implemented. The 

characterization of the environment of the robot detained after 

the image processing is sent to the control module, which is 

responsible for taking appropriate decisions according to the 

state of the system and the sensory input. 

V. SYSTEM ARCHITECTURE 

The proposal is based on the integration of an embedded 

vision system into the distributed control architecture of a 

humanoid robot. A message protocol has been defined for the 

communication between the main control unit and the vision 

system. 

The main control unit selects the task to be performed by 

the vision system among a predefined set of task. The 

information extracted by the vision system is shared with the 

main control unit and the rest of the distributed control system 

via Ethernet. 

A. Active vision system 

The vision system is mounted with two servomotors, 

allowing movements with two degrees of freedom. The motors 

are connected directly to the DSP through its UART port 

using serial TTL communication. So, the vision system has the 

capability of deciding its own movements, becoming then an 

active vision system and receiving from the main control unit 

just higher level instructions. 

The entire computation referred to the visual perception of 

the environment is carried out in the DSP. The application in 

the DSP has been implemented as a multithreading process. 

The main thread takes over the camera and communication 

initialization and runs the acquisition and processing threads, 

which are synchronized using semaphore mechanisms. 

The acquisition thread reads the image delivered by the 

camera sensor through the driver and stores it in a shared 

buffer. The processing thread picks the stored image and 

applies the algorithms to extract the desired information. This 

information is classified in a matrix, according to the 

messages protocol, and sent to the main control unit through 

the Ethernet communication. 

Threads are implemented using the VisualDSP Kernel, a 

very light and robust operative system, provided with the 

development environment of the Blackfin DSP, which allows, 

among other things, to define threads, priorities, critical 

regions, semaphores and messages. 

The computation time (CT) of the acquisition thread is 

minimal, since the image storage is carried out using DMA 

(Direct Memory Access) without any processor usage, while 

the CT of the processing thread depends on the environment 

characterization needs and the algorithms used. 

The execution period of both threads is related to the CT of 

the processing thread and must be multiple of the camera 

 

 
 

Fig. 5.  Execution chronogram of the DSP application. 

 

 
 

Fig. 4.  Vision system Hadrware. 
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frame rate. 

Working on QVGA resolution (320 x 240 pixels), the frame 

rate is 30 fps (one image each 33 ms) and the CT processing 

thread is 10 ms, with the algorithms developed until the 

moment. Thus, the execution period would be 33 ms. If the 

CT processing thread would any time overcome the 33 ms, the 

execution period would increase to 66 ms (two times the 

frame rate). 

So now, with QVGA resolution, one image is processed 

each 33 ms with a processor usage of 30 %. The execution 

chronogram is shown in Fig 5. 

The vision system extracts the position of the objects of 

interest from each image, stores it in a structure and sends it to 

the main control unit each execution period. This shared 

structure, shown in Table 1, is composed of:  

a) Position of the servomotors in the moment of 

taking the image and objects recognized in the 

image  

b) Position of objects respect to the robot’s centre of 

mass. 

One of the behaviours performed by the vision system is the 

image-based object tracking. Based on the error between 

current and desired object coordinates in the image plane, the 

servomotors move the camera until the object is in the centre 

of the image. 

B. Main control unit 

 

The control architecture of the robot is divided in 3 basic 

layers: mission, tactic and reactive. 

 

• The mission layer is defined by behaviours, consisting 

of various basic skills, for example, look for the ball 

and go to it. 

• The tactic layer is defined by basic skills, consisting of 

various trajectories, for example, walking. 

• The reactive layer defines trajectories or articulations 

positions. 

The vision system task can be selected from any of the 

layers, but it is intended to be done from the highest layers 

(mission or tactic). On the other hand, the vision system will 

maintain the last behaviour defined until a new one is received 

from the main control unit. 

The main control unit decides, according to the state of 

execution and the information knowledge, the behaviour to be 

performed by the vision system. 

The actions defined until now are: 

• Main control unit access to the servomotors. 

• Adopt a predefined behaviour (scan, tracking, idle).                              

The position and orientation of the vision system 

coordinates origin (under the two servomotor axes origin) 

respect to the centre of mass of the robot, solved by direct 

kinematics, is also sent to the vision system to calculate the 

distance and orientation of the objects. 

All this information is classified into a structure, shown in 

Table 2, containing: action to be performed, servomotors 

desired position, behaviour, and position and orientation of the 

vision system coordinates origin. 

It is intended that in a future, the main control unit, 

according to the needs and the available resources, will decide 

TABLE I 

MESSAGE WITH POSITION AND ORIENTATION OF THE VISION MODULE 

struct DSP_VISION 

 struct OBJETCS [NO_OBJETCS] 

SERVO_H_POS 

[0,1024] 

SERVO_V_POS 

[0,1024] 
update1 ρ1 ϕ1 

… 

upn ρn ϕn 

2 bytes 2 bytes 1 byte 2 bytes 2 bytes 1 byte 
2 

bytes 
2 bytes 

 
TABLE II 

struct COLIBRI_VISION 

ACTION DATA 

0x00: servomotors 

access 

0x01: Behaviours 

SERVO_H_POS 

[0,1024] 

SERVO_V_POS 

[0,1024] 

BEHAVIOURS 

0x01: BALL 

0x02: SCAN 

0x03: IDLE 

Z_HEAD 

[0,1024] 

OY_HEAD 

[0,1024] 

OZ_HEAD 

[0,1024] 

1 byte 2 bytes 2 bytes 1 byte 2 bytes 2 bytes 2 bytes 
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the type of processing to apply in terms of time and reliability. 

VI. IMAGE PROCESSING 

The work developed until now in image processing covers 

the steps of image segmentation and object recognition (ball 

and goals). 

A. Colour space and resolution 

The selected colour space of the image delivered by the 

sensor is YUV, which splits the pixels’ information into 

components of illuminance (Y) and chrominance (U, V). The 

resolution adopted is QVGA (320 pixels width and 240 pixels 

height) 

 

B. Image segmentation and pixel connectivity 

The goal of image segmentation techniques is to isolate 

pixels of the image following predefined criteria in order to 

simplify the later processing and analysis. 

In our case, the segmentation criteria are based on colour, 

so the isolated pixels correspond to objects known in advance. 

From the original image, pixels whose colour is between 

previously defined thresholds are isolated. At the same time, 

contiguous pixels of the same colour are grouped. These 

pixels clusters are characterized with colour, number of pixels, 

width, height and centroid). 

Five different connectivity algorithms were compared, 

being the Run Length Encoding (RLE) algorithm the one 

selected. The processing times of the algorithms, implemented 

in Matlab, are shown in Table 3. 

 

The RLE algorithm implemented represents the segmented 

image as sequences of 1s or runs, characterized by the centre 

pixel coordinates and the number of pixels. The adjacent runs 

are grouped in object candidates. 

 
candidates run_lenght_encoding()  
for each row in image 

 
sequence of same colour pixels 
run = {colour,no_pixels,row,centre}  
 

if (run is adjacent to candidate and      
has the same colour) 

update candidate  
else  

create candidate = {colour, 
centroid, height, width}  

  end 
end 
return candidates; 
 

Algorithm 1. Run length encoding algorithm 

C. Objects recognition 

Once characterized the grouping pixels with colour, width, 

height and centroid, shape algorithms are applied in order to 

identify the predefined objects (ball and goals) 

 
centroid object_recog(candidates, object)  
 
for each object candidate 
 
filtered_candidates = 
 shape_filter (candidate) 
  
decision(filtered_candidates)  
 
if (decision == ok) 
return candidate.centroid 

 end 
 
end 

Algorithm 2. Objects recognition 

D. Distance and orientation estimation 

To have a good estimation, the object must be in the centre 

of the image, i.e. it must be tracked. 

Once there, the distance and orientation are calculated, 

according to the neck’s origin position, the current neck‘s 

servomotors position and the position of the camera respect to 

the origin resulting of the design. 

E. Information for the main control unit 

The recognized objects, with their distance and orientation 

estimation, are organized in a matrix and sent to the main 

control unit. 

VII. CALIBRATION TOOL 

During the normal operation, it is very useful to have a tool 

that allows the user to modify the vision system performance, 

without modify and reload the robot software. 

In this way, the system must allow to define the different 

objects that the robot has to identify in the environment, as 

well as the image features. 

The need of this tool becomes evident during the RoboCup. 

In this robot competition, before each match, an adjustment of 

the vision system is required to prevent the changes, mainly in 

lighting, that suffers the play field. The fact of having this 

application allows the user to adapt quickly to changing 

conditions. Otherwise the robot may not be able to distinguish 

some of the objects (ball, goal, lines), with behaviour 

problems that these issues entail. 

TABLE III 
SEGMENTATION AND CONNECTIVITY ALGORITHMS 

COMPARISON 

Algorithm Execution time (s) 

Adjacency matrixes 1.32 

Flood fill approach 1.96 

Equivalence class resolution 0.98 

Union find 1.04 

Run length encoding 0.90 

 



BLANES ET AL.: EMBEDDED DISTRIBUTED VISION SYSTEM FOR HUMANOID SOCCER ROBOT 61 

 

Attending to this, a PC application that can connect directly 

to the robot vision system to use the following capabilities: 

• Adjust the settings of the camera to the lighting and 

environment conditions. 

• Calibrate the colours of objects depending on lighting 

conditions and object types. 

• Allow processing of images captured or not by the robot 

in order to show in the screen the extracted information.  

• Test and Debug the new image processing algorithms. 

 

The procedure to be followed when introducing the robot in a 

new environment, for instance a new field, would be: 

• First, you should adjust the camera settings. For this, the 

application allows to select auto exposure mode, auto 

white balance mode, and all those image parameters that 

offers the camera. Otherwise, user can set these manually 

based on the experience and expertise of the programmer. 

For this task, the GUI offers a friendly interface with 

scroll bars, allowing to save and reload sets of parameters. 

• After this image adjustment has been done, ranges 

corresponding to the colours of different objects are 

defined in order to be used in segmentation algorithms. 

This process is made easily by clicking on the objects of 

interest in the image taken by the robot. The application 

automatically extracts the characteristics of the clicked 

pixel, and uses these as a seed to extrapolate these 

features to similar objects. 

To manage these definitions, a procedure that allow you to 

take a picture through the robot camera and directly assign 

each interest pixel to the corresponding object has been 

dedined. After that, the application extracts the properties of 

these pixels and redefines the object colour ranges. To 

perform the pixel selection properly a set of tools as such as 

zoom have been developed and implemented. 

The graphical interface is shown in Fig 6, in witch can be 

appreciated the picture before and after the information 

extraction process. In the second one, the detected objects 

have been highlighted the detected objects. In the bottom one, 

the set of controls to parameterize the image is shown. 

VIII. RESULTS 

A. Image segmentation and connectivity of pixels 

Fig 7 shows several segmented images. The pixels whose 

colour matches the colour of objects to identify are the 

segmented pixels. The objects to identify are the ball and the 

goal.  

The group of pixels to identify the objects are characterized 

by means of the connectivity.  Additionally, it also removes 

groups that do not contain a minimum number of pixels. 

B. Identifying objects 

The objects are identified from the characterized group of 

pixels. When the object is identified, a message is built which 

is transmitted to the control module. This message contains 

the position of all the objects identified. The position is 

transmitted in image coordinates. The results are shown in 

figure 7. 

IX. CONCLUSION AND FUTURE WORK 

In this paper a humanoid robot design and the developed 

work has been presented focusing on the embedded vision 

system for environment recognition. This is a long term 

project where many engineering areas converge (mainly 

mechanical engineering, electronics, and computer 

architecture) in a complex system which has been designed for 

Robocup competitions. This application oriented approach do 

not subtract to developments applicability for other scenarios. 

In the next future we will focus on completing the basic 

steps shown in figure 1, i.e., the estimation of the location of 

other objects (apart from ball and goal) with respect to the 

robot and the self-localization of the robot in the environment. 

Furthermore, we will work on developing of line detection 

algorithms to combine with the location information of the 

fixed objects such as goals. This will improve the robot self-

location ability. 

In addition, we will study the possibility of incorporating 

stereoscopic vision on the robots. This approach has not been 

use in small humanoid robots, but currently image processing 

dedicated embedded microcontrollers allow to expand 

computing power with reduced size. The effort must be done 

in the architecture design following distributed control 

principles. Finally the information fusion and sharing among 

robots will also be considered using communication 

capabilities. 

ACKNOWLEDGMENT 

This work was supported from the Spanish MICINN project 

SIDIRELI DPI2008-06737-C02-01/02 and FEDER founds. 

 

 

 

 
 

Fig. 6.  Graphical Calibration Tool. 



62 JOURNAL OF PHYSICAL AGENTS, VOL. 5, NO. 1, JANUARY 2011 

REFERENCES 

[1] Tzuu-Hseng S. Li et al “aiRobots: Team Description for Humanoid 

KidSize League of RoboCup 2010”. Workshop Robocup Singapore 
2010.

 

[2] Chokchai Pengyasa et al. “Team BSRU-I: Team Description Paper”. 

Workshop Robocup Singapore 2010. 
[3] Aphilux Buathong et al. “Chibi Dragon Team Description Paper”. 

Workshop Robocup Singapore 2010. 

[4] Luis F Lupián et al. “Cyberlords RoboCup 2010 Humanoid KidSize 
Team Description Paper”. Workshop Robocup Singapore 2010. 

[5] M. Friedmann et al. “Darmstadt Dribblers. Team Description Paper for 

Humanoid KidSize League of RoboCup 2010”. Workshop Robocup 
Singapore 2010. 

[6] Bennet Fischer et al. “FUmanoid Team Description Paper 2010. 

Workshop Robocup Singapore 2010. 
[7] Lim Sock Lip et al. “Team NYP Lions: Team Description Paper”. 

Workshop Robocup Singapore 2010. 

[8] Roberto Carlos Ramírez Márquez et al. “PIONEROS MEXICO Team 
Description Paper ROBOCUP 2010 Singapore”. Workshop Robocup 

Singapore 2010. 

[9] Guangnan Ye et al. “PKU-SHRC Team Description for RoboCup 2010”. 
Workshop Robocup Singapore 2010. 

[10] Buck Sin Ng et al. “Robo-Erectus Jr-2010 KidSize Team Description 

Paper”. Workshop Robocup Singapore 2010. 
[11] Keith Sullivan et al. “RoboPatriots: George Mason University 2010 

RoboCup Team”. Workshop Robocup Singapore 2010. 

[12] Shohei Takesako et al. “SitiK KIT. Team Description for the Humanoid 
KidSize League of RoboCup 2010”. Workshop Robocup Singapore 

2010. 

[13] S. Hamidreza Mohades Kasaei et al. “Persia Humanoid Robot. Team 
Description Paper 2010”. Workshop Robocup Singapore 2010. 

[14] Guillermo Villarreal-Pulido et al. “Bogobots-TecMTY humanoid kid-

size team 2010”. Workshop Robocup Singapore 2010. 
[15] R. Gerndt et al. “WF Wolves KidSize Team Description RoboCup 

2010”. Workshop Robocup Singapore 2010. 

[16] Jaekweon Han et al. “Team DARwIn. Team Description for Humanoid 
KidSize League of RoboCup 2010”. Workshop Robocup Singapore 

2010. 

[17] Soo Theng Koay et al. “Team Description 2010 for Team RO-PE”. 
Workshop Robocup Singapore 2010. 

[18] Thavida Maneewarn et al. “Team KMUTT: Team Description Paper”. 

Workshop Robocup Singapore 2010. 
[19] Tang Qing “ZJUDancer Team Description Paper”. Workshop Robocup 

Singapore 2010. 
[20] Ching-Chang Wong et al. “Humanoid Soccer Robot Design by TKU 

Team for Humanoid League of RoboCup 2010”. Workshop Robocup 

Singapore 2010. 
[21] Chung-Hsien Kuo et al. “Team Description Paper: HuroEvolution 

Humanoid Robot for RoboCup 2010 Humanoid League”. Workshop 

Robocup Singapore 2010. 
[22] Javier Testart et al. “UChile RoadRunners 2010 Team Description 

Paper”. Workshop Robocup Singapore 2010. 

 

 

Fig. 7.  Segmentation and identification algorithms of objects. 


