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Testbed for alternative technologies

Long-term view 

✴ motor-less and gear-less robots  
•  devoid of “conventional” electro-magnetic/pneumatic/hydraulic 

technology, no rotating parts ➜ lighter, simpler, safer
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Intro: EAs
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Intro: EAs

recombination mutation 

encoding = chromosome = genotype candidate solution = phenotype
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1. EAs in pattern marching for vision-based relative navigation



1. EAS in pattern matchingThe presence of poor local minima can result in 

misclassifications and bad localization. This can be 

due to the use of the mean distance alone as 

optimization function. A way to overcome this 

problem would be to incorporate other problem-

specific information such as color and light 

information. We are currently working on this aspect. 

Also, the integration with other sensing devices (e.g. 

laser for distance), would help the search.  

The improved version of the proposed algorithm 

will be used in a 3D object tracking application 

developed in our Laboratory (see Fig. 6) and could be 

applied to other vision systems in robotic applications 

such as visual servoing and vision based navigation. 
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              Fig. 6.  Test Platform 

 

Fig. 5. An application to real images for defects detection 

 (model dimension: 38x3x3.7 cm) 
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Vision-based satellite relative navigation

the position of the target is not known with 100% 
reliability. 

- Phase 2. Identification of the relative position and 
orientation: Once the chaser is within relative 
position of the target, the identification phase will 
start. The chaser performs an initial approximation 
of the target behaviour. It is in this moment, when 
the relative navigation starts between the two 
vehicles, in such manner that the inspection 
vehicle attempts to maintain a fixed distance with 
respect to the target. 

- Phase 3. Inspection: Once the geometry and the 
motion of the target are determined, the inspection 
itself will start in order to establish the satellite 
operative status and the malfunctioning possible. 
The inspection process consists of a series of 
flights around the target vehicle taking into 
account its motion and the objective of the 
inspection. 

- Phase 4. Final approach and capture: When the 
inspection is finished, the following operation is 
the intervention. In order to achieve this, the 
chaser positions itself in an optimal location to 
perform the final approach and docking/capture of 
the target. In this case, an additional problem 
appears which consist of performing a guidance 
that minimizes the risks of collision. 

 

 
Fig. 2. Phases of the servicing reference mission. 

 
The chaser can approach the target through R-Bar or 
V-Bar trajectories or a combination of the two. The R-
Bar trajectory is oriented along the Earth radius and 
when a spacecraft is moving along R-Bar the chaser is 

slowed down as it moves onto higher orbits closer to 
the target spacecraft. The approach along the trajectory 
V-Bar occurs when the chaser follows the target along 
the same orbit and it moves towards it. The ISS 
docking operations are performed along R-Bar. 
The ETS-VII has tested docking strategies using both 
V-Bar and R-Bar trajectories [12]. It therefore thought 
that, most (if not all) satellite servicing operations will 
require the use of a robotic arm to capture the target 
satellite in the final phase. 
 
2.2 Visual Space Environment 
 
The space environment may contain well contrasted 
scenes due to lack of a rich background and 
atmosphere. On the other hand, it is possible that image 
data are lost because the camera dynamic range is 
exceeded. In addition, the satellites may be covered 
with reflective materials or thermal blankets, to protect 
the vehicles from the space environment. Such surfaces 
may produce shadows and reflects when are 
illuminated directly by the Sun or on-board lights. 
These can produce difficult problems for the vision 
systems. 
 
2.3 Space Simulation Platform 
 
To develop reliable algorithms of pose estimation 
destined to satellite positioning and vision based 
relative navigation algorithms it is necessary to 
validate and test them. 
Since it is not feasible to use real spatial systems for 
this purpose, it has been decided that an experimental 
laboratory testbed is adequate and acceptable for use in 
this case. Therefore, the developed testbed consists of 
an industrial robot and a support platform, which also 
houses a support and drive mechanism for a scale 
satellite model, to simulate the different satellite 
geometries under space dynamics laws. In addition, the 
robot have attached to its end-effector a camera as part 
of a complete computer vision system, which 
implements the algorithms corresponding to 
recognition and relative navigation that are being 
developed with visual feedback. 
The development of a testbed is necessary and its 
functions are defined by the requirements and 
objectives of the project. It is therefore, essential to 
describe the operational elements considered in the 
construction. The fundamental aim of this experimental 
testbed is the simulation of different satellite 
geometries and different relative movements especially 
in orientation of vehicles out of control. The developed 
experimental tested include the following elements (see 
Fig. 3): 
The main element is a robot manipulator capable of 
simulating 6 DOF motion of a satellite on-orbit. In the 
case of simulation a malfunctioning satellite, it is 

√

√

Ballistic stage

Reaching stage

Inspection stage

Docking



1. EAS in pattern matching
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C. Rossi, M. Abderrahim, and J. C. Dı́az

Table 1: Summary of the Techniques

Technique Parameters Range Heuristic
New random gene — — —
Biased perturbation bias b 0 < b < 1 + σ̂i

1
1+σ̂i

(p̂i − si) + N (0, σ̂i)
Single parent crossover — — —
Refining function weight a 0 < a < 1 1

1+σ̂max
|p̂ − s|

Gifted individuals proportion c 0 < c < 1 + σ̂max 1/(1 + σ̂max)

Figure 5: Geometry of the problem.

new individuals modifying existing ones. Hence, in the first case the new genetic
material will mix with the existing material in a future time.

Table 1 summarizes the characteristics of the techniques described above.
In order to perform an experimental assessment of the techniques described above,

we have applied them to a practical application known as the pose problem, which we
present in the next section.

4 The Pose Problem

Consider a scene composed by a three-dimensional world in which an object is seen
by a camera, projected into a two-dimensional plane. Figure 5 shows the coordinate
system of the space where the object is placed. Tx , Ty and Tz are the translation values
with respect to the camera (positioned in the origin of the axes), and α, β, γ are the
rotation angles about each axis.

Given a bidimensional camera image of an object, the pose estimation problem
consists of finding the object’s position and orientation in space. Model based methods
make use of a model of the object of interest, and attempt to match some of its key
features such as edges, marks, vertices, and so on, to the contents of the image. A
common approach is to divide the search into two steps: first, features are extracted
from the image, and second, a matching is looked for. In the following, corner points
(vertices) will be used as features.
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Figure 6: Distance and matching points.

Figure 6 shows an example where two different sets of parameters sM and sN

lead to two different sets of projected model points, set M = {m1,m2,m3,m4} and set
N = {n1, n2, n3, n4}. The point correspondence is shown with dashed lines. The distance
between the points of set M and the image points P = {p1, p2, p3, p4} is clearly smaller
than the total distance of points N from points P . Therefore, the set M is a better match
and the corresponding set of position parameters sM is a better solution.

If some of the points are noisy, the minimum total distance d will not be zero.
This fact can affect the optimum solution, depending on the level of noise. If noise is
limited, the minimum distance in most cases still relates to a good point matching, as
the perturbation affects both sM and sN . This is shown in Figure 6, where point p2 is
moved to p′

2: although the total distance is changed, set M still matches better than set
N . The same situation occurs when some of the points in the image are missing or are
added (false positives) due to poor image quality, partial occlusions, and/or to faults
in the feature extraction process.

Nevertheless, noise can affect the optimum solution in two ways. First, the optimum
solution can change, especially when two (or more) solutions are similar, and the noise
benefits the “wrong” one. In this case the minimum distance does not correspond to the
real pose of the object, but to a slightly different pose, and the precision of the solution
is affected. Second, the objective function can present local minima, especially in the
presence of a high number of false positives spread in the image. A local minimum
appears when there is a subset of image points that produce a small total distance with
the model projected according to a given set of parameters, while the set of parameters
does not correspond to the correct pose. For this reason it is important to rely on search
methods capable of overcoming local optima such as EAs, where a search is done by
sampling the solutions space.

In the EvoPose algorithm, the array s is a candidate solution, encoded as a six-
dimensional array of real numbers, and a good solution is sought with an evolutionary
algorithm that maintains a population of candidate solutions and evolves them toward
optimality by means of the genetic operators.

The computational effort for computing a solution only increases polynomially
with the number of image points |P | and model points |M| under examination. Each
chromosome evaluation needs one rotation/translation/projection operation, which
involves a few matrix multiplications, and the distance computation, which involves
two squares and one square root, and it is performed |P | · |M| times (cf. Figure 7 and

14 Evolutionary Computation Volume 16, Number 1

Tracking Moving Optima

The pose problem is in fact a dual problem: establishing a correspondence between
image features and model features, and finding the rotation and translation of the object
with respect to the coordinate system. Each problem is easy to solve if the other has been
solved first. Given the matching between model and image features, one can determine
the pose that best aligns those matches. If the object pose is known, one can easily
determine such matches, projecting the model with the known pose into the original
image. The complete (pose and correspondence) problem is difficult because it requires
the solution of two coupled problems.

The problem of pose estimation is central in computer vision, and has been ap-
proached with a variety of methods, such as Neural Networks (Wunsch and Hirzinger,
1996) and linear programming (Lowe, 1991). One of the most complete algorithms that
deal with the correspondence and pose estimation simultaneously is SoftPOSIT (Davids
et al., 2002). For a comprehensive survey of different techniques of three-dimensional
object modeling, correspondence, and pose estimation Faugeras (1993) and Horaud
et al. (1997) are recommended.

4.1 Evolutionary Pose Estimation

The pose estimation problem can be formulated as an optimization problem in the
following way (Rossi et al., 2005b).

We have to find the value of the six parameters (Tx, Ty, Tz) that give the position with
reference to the camera position, and (α,β, γ ) that represent the orientation of the object
(see Figure 5). If such parameters are given, let them be so = (T o

x , T o
y , T o

z ,αo,βo, γ o), then
rotating and translating the model object by the corresponding values, and projecting it
into the camera plane, would result in a perfect match between camera image and model
projection. In this case, the sum d of the distances between each pair of corresponding
points would be zero.

If one parameter, corresponding to one dimension, differs from the correct value,
for example Tx = T o

x + ϵ, then each projected point mi of the model would be shifted by
a quantity fi(ϵ) with respect to the corresponding point in the camera image, fi being
functions that depend on the geometry and camera settings. The sum of the distances
in this case would be d =

∑
i |fi(ϵ)|. The closer the projection s = (Tx, Ty, Tz,α,β, γ ) to

the camera image, the smaller is d. Being that so is unknown, the only way to compute
d is by measuring the distance between image points and projected model points, and
search for a solution s such that d is minimized. The matching problem is then turned
into an optimization problem:

min(d =
∑

i |pi − mi(s)|),
pi,mi ∈ IR2

s = (Tx, Ty, Tz,α,β, γ )
(10)

where pi is a point in the image, mi(s) is the model point projected according to the
set of parameters s = (Tx, Ty, Tz,α,β, γ ), and ∥ is the Euclidean distance between two
points. Since the correspondence between points is not known in advance, we consider
a projected model point to match an image point if it is the closest. Thus, the distance
measure becomes:

d =
∑

i

minj (|pi − mj (s)|) (11)
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Model-based pose estimation ➜ optimization
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2. EAs in agent-based negotiations for robot coordination



2. EAs as negotiators

3

(a)   x = ( (x1,y1), ..., (xk,yk) )

(c)   x = ( (x1,y1,z1,r1), ..., (xk,yk,zk,rk) )

(b)   x = ( (x1,y1,v1), ..., (xk,yk,vk) )

(d)   x = ( (x1,y1,�1,�1), ... )

Fig. 1 Examples of instantiation of tasks: Areas, foraging, communication ranges and perime-
ters. All tasks can be defined by an array of real numbers (respectively, vertices’ coordinates,
coordinates and values of the objects, points in space and communication range, curves pa-
rameters)

into subtasks by the auctioneer agent. In this way, their approach achieve a dynamical
allocation that can improve the solution at any reallocation. Task/mission advance
monitoring, that would trigger a renegotiation, is out of the scope of this paper. We
thus focus the rest of this paper on a single task partitioning and assignment process.

In the following section we will first present our definition of tasks and how agents
take into account costs and rewards to evaluate (sub-)tasks. Section 3 briefly describes
Rubinstein’s alternate o↵ers paradigm and the negotiation protocol we have developed
based on this, and its extension to the case of more than two negotiators. Also, an
analysis of the behavior of the algorithm on an example task is carried out, with the aim
of assessing the e↵ectiveness of the proposed approach. Finally, in Section 4 we describe
the tests we have performed on three concrete case, a search and rescue application, a
cooperative mapping application and a cooperative transportation application.

2 Tasks

In order to design a negotiation algorithm that is general enough to work with di↵erent
kind of tasks (cf. Fig. 1), an abstract task concept should be defined. A negotiation
algorithm based on such an abstraction allows di↵erent applications with minimal
changes.

In the context of loose cooperation, with task we mean the object to be divided, and
not the activity to be performed on such object. For example, if the task is surveying
a given area, we are mainly interested in partitioning the area and assigning sub-
areas to the agents. The activity the agents will have to perform and their preferences
(for instance w.r.t. their capabilities) will of course play an important role in the
negotiation. This role is encapsulated in the cost/reward the agents associate to the
task, as explained later.

T(x) =  {T1(x(1)), …, TR(x(R))},    R = number of robots

€ 

Ti ∩Tj = ∅,
  

€ 

Ti
i=1

R

 = T

“Tasks”

Requirements: 
‣Can be instantiated for different tasks 
‣Suitable for heterogeneous robots 
‣Distributed approach

A task is described by a 
set of n ”parameters”
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Fig. 3 Architecture of the negotiation module. The protocol level is in charge of managing
the negotiation (see also Fig. 4), while the search level searches the n-dimensional parameters’
space for both evaluating the o↵ers received and updating its own o↵ers

an agent evaluates that the share he is getting is equal to or grater than its desired
share, and thus accepts the o↵er.

The proposal generation level searches the space for a good share given a proposal
from the other part, taking into account its own resources, parameters and limitations.
This level is also responsible for updating countero↵ers. The update function aims at
reducing the o↵er in such a way to reduce the overlapping. In order to comply with
Rubinstein’s theory hypotheses, the new o↵er at time t, T

(t), should have a dimension
dim(T (t)) = � · dim(T (t�1)), where � should be constant. Both the proposal search
and update steps can be performed by a variety of algorithms. We have experimented
with Evolutionary Algorithms in the cases where a complex space has to be searched
(e.g. in the case of areas) and with complete discrete search algorithms for the simplest
cases, such as the negotiation of target points.

Figure 4 shows the communications protocol between two agents. The starter agents
starts the negotiation sending a request to the team mates (only one is depicted). In
case the responder accepts to participate, a bargain loop is entered where the two
parties alternately receive an o↵er, evaluate it and decide whether to accept it or not,
and in this case formulate a countero↵er. The loop can be interrupted at any moment if
one of the parties decides to unilaterally abort the negotiation, in case a timeout occurs
while waiting for a message, or in case the mission is interrupted by the command and
control station.

When an agreement has been reached, the result is a subdivision of the original
task and at the same time an assignment of the sub-tasks. Note that in this way one
agent does not need to know information about the private characteristics of the team-
mates. The only information it needs is their o↵ers, in form of an array of parameters
x 2 IPk. Figure 6 shows the details of a negotiation over areas.

3.3 Learning

Each time a new o↵er is received, both the search in the parameters’ space for their
best share and the generation of the countero↵er are not started from scratch. Rather,
they take as starting point the last better result. In this way, we can say that the search

Bargaining: based on 
Rubinstein’s uni-dimensional 
good alternate-offers protocol

GOOD?

? 

 ?    

p 1-
p  

Extension to n-dimensional goods: 
‣ Evaluate offer (search!)
‣ Search for good counter-offer

Co-evolution !
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3. Evolutionary Robotics



3. EAs for learning

EAs - evolutionary robot controllers (learning)

Much work on it !

01001101011010110101

01001101011010110101

01001101011010110101

01001101011010110101

01001101011010110101

Population of candidate 
controllers (genotypes)

Instantiation (phenotype, 
e.g. neural network) Evaluation (run!)

Off-line, off-body



3. EAs for learning
Our approach: 

‣ On-line: an ecosystem of individuals (in a virtual world) 
‣ “Real” mating: new morphologies derived from crossing over 
‣ Newborns shall learn... 

-how to move  
-to find energy sources 
-to find mates 

...before being released into the world (“robot school”, A.E. Eiben) 

‣ Open-ended evolution: robots just have to survive 
‣ but environment can be tailored to drive evolution towards desired 

behaviors 

Our approach: 

‣ On-line: an ecosystem of individuals (in a virtual world) 
‣ “Real” mating: new morphologies derived from crossing over 
‣ Newborns shall learn... 

-how to move  
-to find energy sources 
-to find mates 

...before being released into the world (“robot school”, A.E. Eiben) 

‣ Open-ended evolution: robots just have to survive 
‣ but environment can be tailored to drive evolution towards desired 

behaviors 



3. EAs for learning

Learning by evolving controllers for modular robots

Modules:
•6 connection points (front, rear, left, 

right, top, bottom), 2DOF
•Head: 2 range sensors

•Encoding: tree
H

B

B

X X X X X

B X X X X



3. EAs for learning

Phase 1: individual learning



3. EAs for learning

Phase 2: morphology crossover (in progress!) 



3. EAs for learning

Evobody (EU FET Proactive Initiative SA on AWARENESS) 
Also discussed in EVLIT 

“Embodied evolution”  

• Towards self-replicating non-biological systems 
• Use e.g. of 3D printing on-the fly, plus basic actuators/sensors 

modules  
• Recycling of materials and building blocks (“closed ecosystem”) 

Genotype ➜ blueprint 
Phenotype ➜ physical agent (i.e. “robot”)  

-- more in general, “evolution of “things”

EvoSphere) 9) FP7.ICT.2013.9.6:)EVLIT)

about 50gr. To destroy the created polymer structure and to release the organ, we applied a thermal melting at 190C 
and found that none of electronic or mechanical components was damaged and could be re-used. The experiment is 
documented by a video that can be viewed at http://www.swarmrobot.org/videos/EvoSphere-MeltingTest.MTS.)
 

 
Based on this organ concept, we will build a system with the following principal features. 
 

1. Self-reproduction (‘birth’). The robots are able to reproduce. This means that a) they are able to make 
decisions about when and with what other robots to mate and b) there is a mechanism to implement ‘birth’. 

2. Genetic code and heredity. There is a descriptive language, an evolvable and constructible genetic code 
for bodies and minds as well. The physical morphology (body) of a robot is determined by its genome that 
is inheritable. Likewise, the controller (brain) of a robot at the time of ‘birth’ is determined by its inherited 
genome. However, brains can change during lifetime adapting the robots’ behaviour based on experience 
(see “Lifetime learning” below). 

3. Environmental selection (‘death’). The force behind selection is the suitability of the robots with respect 
to their environment. A robot needs to survive long enough to reproduce. This means that it must be able to 
adequately control its own body, successfully negotiate the arena, find energy, and encounter other robots. 
By changing the arena, we can create different environments with different types and levels of 
environmental pressure.   

4. Lifetime learning.  Robots exhibit individual learning over the course of their lifetime, enabling them to 
first learn control of their bodies, and following this, to learn behaviours that allow them to make decisions 
regarding what actions to execute to satisfy drives and ultimately survive and reproduce. Learning occurs 
as a result of a robot’s own experience and additionally through interaction with other robots. 

5. Self-repair.  Robots are endowed with the ability to detect, identify and then recover from certain types of 
failures within a robot that could be a result of physical or behavioural faults.  The ability to recover and 
instigate a self-repair will depend on the severity of the failure.  

Additionally, the system as a whole will be autonomous in the following sense. 
 

6. Hands-free implementation. There is no human interference in the whole loop: the system is self-
contained, not requiring any user interaction for the evolutionary part (reproduction, mate selection, 
‘death’), nor for learning or self-repair. 

7. Closed ecosystem. Starting from an initial provision of organs, the materials and components needed for 
‘birth’ are provided by recycling parts of the robots whose life is terminated (‘death’). The only outer 
supply for the experiments will concern energy to the system, just as the Sun provides energy to Earth.  

 
To date, there exists no human engineered physical system that exhibits all these properties at a macroscopic scale. 
By possessing all seven features listed above, EvoSphere will form an unprecedented system because it runs the 
whole evolutionary cycle, including ‘death’, it runs an extended evolutionary cycle with self-repair and learning, 
and it runs autonomously without the human in the loop.  
 
A pivotal element in our solution is the use of 3D printers to implement ‘birth’. When two robots decide to 
reproduce (by autonomous mate selection), their genomes are recombined. The new recombined genome encodes 
the body and the brain of a new robot. To lower the chances of wasting of resources, the genome must pass a 
viability test in simulation. If it fails the test it is discarded – a function akin to miscarriage in mammals. If it passes 
the test then the 3D printer builds a new robot to the specifications represented in this genome using a stack of 
components from the Organ Bank. Meanwhile, the genome segment that encodes for the new brain is also 
expressed resulting in a piece of controller software which is ready for life-time learning. The newly printed body 
is brought to life by downloading this software to it. We will design the system in such a way that each robot is 



3. EAs for learning

EAs - evolutionary modular robots 

Again, a lot of work done and on-going 
➜ Sims: evolved virtual creatures (1994!) 
➜ Replicator/Symbrion: evolution of symbiotic multi-robot organisms 
➜ J. Bongard (on the role of morphology) 
➜ SwarBots (evolution of cooperation)
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