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RobotsoutsidefactoriesΧ 
Χneed to negotiate real-world environments and promptly react to 
changes and unexpected situations

Biological systems stand 
as an excellent source 

of inspiration

Space applications

Underwaterapplications

Search& rescue

ÅUnstructuredenvironments
ÅWorkspace sharedamongpeople 

and robots
ÅPerception
ÅReactivebehaviour



Å Using principles in biology to stimulate research in non-
biological science and technology

Å Otto Schmitt, an American academicand inventor, coined
the term biomimeticsto describethe transfer of ideas
from biologyto technology. 

Å The term biomimeticsonlyenteredthe Websters
Dictionary in 1974 and isdefinedas"the study of the 
formation, structure, or functionof biologicallyproduced
substancesand materials(asenzymesor silk) and 
biologicalmechanismsand processes(asprotein
synthesisor photosynthesis) especiallyfor the purposeof 
synthesizingsimilarproducts by artificialmechanisms
whichmimicnaturalones". 

Bioinspirationand biomimetics



Interdisciplinarity: 
Bringbiologistsinto biomimetics

άώΧϐ Fewer than 8% of the nearly 300 studies 
on biomimeticspublished in the past 3 months 
and indexed in the Thomson Reuters Web of 
Science had an author working in a biology 
department τŀ ŎǊǳŘŜ ǇǊƻȄȅ ŦƻǊ ϥŀ ōƛƻƭƻƎƛǎǘϥΦέ

άώΧϐ ²ƛǘƘ ŀǊƻǳƴŘ 1.5 million described species, 
and probably some 9 million eukaryotic species 
in existence, researchers pursuing biomimetic 
approaches have barely scratched the surface 
of biological inspirationΦέ

More biology education for engineers, in 
academy and in industry

Emilie Snell-wƻƻŘΣ άInterdisciplinarity: Bring 
biologists into biomimeticsέΣ Nature529,277ς
278(21 January 2016) doi:10.1038/529277a

ά9ƴƎƛƴŜŜǊǎΣ ŎƘŜƳƛǎǘǎ ŀƴŘ ƻǘƘŜǊǎ ǘŀƪƛƴƎ ƛƴǎǇƛǊŀǘƛƻƴ 
from biological systems for human applications must 
ǘŜŀƳ ǳǇ ǿƛǘƘ ōƛƻƭƻƎƛǎǘǎέ

Bioinspirationand biomimetics



Velcroresulted in 1948 from a Swiss engineer, 
George de Mestral, seeing how the hooks of a 
plant burrs (Arctiumlappa) ǎǘǳŎƪ ǘƻ Ƙƛǎ ŘƻƎΩǎ ŦǳǊΦ

A gecko is the largest
animal that can produce
(dry) adhesionto support
its weight. The geckofoot
comprises of a complex
hierarchical structure of
lamellae,setae, branches,
andspatula.

M. R. Cutkosky, Climbing with adhesion: 
From bioinspirationto biounderstanding. 
Interface Focus 5, 20150015 (2015).

Examplesof bioinspirationand biomimetics



The Eiffel Tower: the perfect structure of trabecular struts in the head of the human femur inspired a 
French engineer at the end of the 19th Century. He was intended to design the higher structure all the 
world. The name of this engineer is Gustave Eiffel. In 1889 the Tower is completed. 

Examplesof bioinspirationand biomimetics



BIOMIMETIC 
ROBOTS

NEW TECHNOLOGY

BIOLOGICAL 
SYSTEMSNEW SCIENCE

The two-fold relation between
roboticsand biology

Biomimeticrobotics:
Å developingrobotsfor real-world applications
Å studyingbiologicalsystemsby robotic platforms
Unified approachto the studyof living organismsand robots

Applications



BioroboticsScience: 
using robotics to 
discover new principlesΧ

BioroboticsEngineering:
using robotics to 
invent new solutionsΧΦ

Biorobotics Science and Engineering



Result of incremental adaptations

Not optimal design

Goals of natural selection

άSimply copying a biological system is either not feasible (even a
singleneuron is too complicatedto be synthesizedartificially in every
detail) or is of little interest (animals have to satisfy multiple
constraints that do not apply to robots, such as keeping their
metabolismrunningandgettingrid of parasites),or the technological
solution is superior to the one found in nature (for example, the
biologicalequivalentof the wheelhasyet to bediscovered).

Rather, the goal is to work out principles of biological
systemsandtransferthoseto robot design.έ

Rolf Pfeifer

Extractkey
principles

R. Pfeifer, M. Lungarella, F. Iida(2007). "Self-Organization, Embodiment, and Biologically
InspiredRobotics", Science318, 1088

- Survival 

- Reproduction

Bioinspirationand biomimetics



Summaryof bioinspiredapproachesto 
robotics(in this courseΧύ

Robot mechanics
and kinematics

Robot control

Robot vision

Robot behaviour

Robot sensors

EmbodiedIntelligence, 
Soft Robotics

Neurocontrollers

Predictivebehaviour

Bioinspiredvision
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Embodied Intelligence: the modern 
view of Artificial Intelligence

Classicalapproach
The focus ison the brainand 

centralprocessing

Modern approach
The focus ison interactionwith the 

environment. Cognitionisemergentfrom
system-environmentinteraction

Rolf Pfeifer and Josh C. Bongard, How the body shapes the way we think: a new view of 
intelligence, The MIT Press, Cambridge, MA, 2007



Propertiesof complete agents

1. They are subject to the laws of physics (energy dissipation, 
friction, gravity).

2. They generate sensory stimulation through motion and 
generally through interaction with the real world.

3. They affect the environment through behavior.
4. They are complex dynamical systems which, when they 

interact with the environment, have attractor states.
5. They perform morphological computation.
These properties are simply unavoidable consequences of 
embodiment. 
These are also the properties that can be exploited for 
generating behavior, and how this can be done is specified in the 
design principles. 

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Propertiesof complete agents

1. A complete agent is subject to the laws of physics. 
Walking requires energy, friction, and gravity in order to work. 
Because the agent is embodied, it is a physical system (biological 
or not) and thus subject to the laws of physics from which it 
cannot possibly escape; it must comply with them. If an agent 
jumps up in the air, gravity will inevitably pull it back to the 
ground.

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Propertiesof complete agents

2. A complete agent generates sensory stimulation. 
When we walk, we generate sensory stimulation, whether we 
like it or not: when we move, objects seem to flow past us (this is 
known as optic flow); 
by moving we induce wind that we then sense with our skin and 
our hair; 
walking also produces pressure patterns on our feet; 
and we can feel the regular flexing and relaxing of our muscles as 
our legs move.

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Propertiesof complete agents

3. A complete agent affects its environment. 
When we walk across a lawn, the grass is crushed underfoot; 
when we breathe, we blow air into the environment; 
when we walk and burn energy, we heat the environment; 
when we drink from a cup, we reduce the amount of liquid in the 
glass; 
when we drop a cup it breaks; 
when we talk we put pressure waves out into the air; 
when we sit down in a chair it squeaks and the cushion is 
squashed.

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Propertiesof complete agents

4. Agents tend to settle into attractor states. 
Agents are dynamical systems, and as such they 
have a tendency to settle into so-called attractor 
states. Horses, for example, can walk, trot, 
canter, and gallop, and weτor at least expertsτ
can clearly identify when the horse is in one of 
these walking modes, or gaits, the more technical 
word for these behaviors.
These gaits can be viewed as attractor states. The 
horse is always in one of these states, except for 
short periods of time when it transitions between 
two of them, for example from canter to gallop. 
We should point out here that the attractor 
states into which an agent settles are always the 
result of the interaction of three systems: the 
ŀƎŜƴǘΩǎ ōƻŘȅΣ ƛǘǎ ōǊŀƛƴ όƻǊ ŎƻƴǘǊƻƭ ǎȅǎǘŜƳύΣ ŀƴŘ ƛǘǎ 
environment. 
Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Propertiesof complete agents

5. Complete agents perform morphological computation. 
.ȅ άƳƻǊǇƘƻƭƻƎƛŎŀƭ ŎƻƳǇǳǘŀǘƛƻƴέ ǿŜ ƳŜŀƴ ǘƘŀǘ ŎŜǊǘŀƛƴ ǇǊƻŎŜǎǎŜǎ ŀǊŜ ǇŜǊŦƻǊƳŜŘ 
by the body that otherwise would have to be performed by the brain. 
!ƴ ŜȄŀƳǇƭŜ ƛǎ ǘƘŜ ŦŀŎǘ ǘƘŀǘ ǘƘŜ ƘǳƳŀƴ ƭŜƎΩǎ ƳǳǎŎƭŜǎ ŀƴŘ ǘŜƴŘƻƴǎ ŀǊŜ ŜƭŀǎǘƛŎ ǎƻ 
that the knee, when the leg impacts the ground while running, performs small 
adaptive movements without neural control.
The control is supplied by the muscle-tendon system itself, which is part of the 
morphology of the agent. 
It is interesting to note that systems that are not complete, in the sense of the 
word used here, hardly ever possess all of these properties. For example, a vision 
system consisting of a fixed camera and a desktop computer does not generate 
sensory stimulation because it cannot produce behavior, and it influences the 
environment only by emitting heat and light from the computer screen. Moreover, 
it does not perform morphological computation and does not have physical 
attractor states that could be useful to the system.

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Morphological computation

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



MorphologicalComputation

The shape
as body structure, specifies the 
behavioral response of the agent

The arrangement
of the motor, perceptive and processing 
units 

The mechanical properties
allow emergent behaviorsand highly 
adaptive interaction with the environment

As any transformation of information can be named as computing, Morphological 
Computationendows all those behaviours where computing is mediated by the 
mechanical properties of the physical body

Zambrano D, CianchettiaΣ [ŀǎŎƘƛ / όнлмпύ ά¢ƘŜ aƻǊǇƘƻƭƻƎƛŎŀƭ /ƻƳǇǳǘŀǘƛƻƴ tǊƛƴŎƛǇƭŜǎ ŀǎ ŀ 
bŜǿ tŀǊŀŘƛƎƳ ŦƻǊ wƻōƻǘƛŎ 5ŜǎƛƎƴέ ƛƴ Opinions and Outlooks on Morphological Computation, 
H. Hauser, R. M. Füchslin, R. Pfeifer (Ed.s), pp. 214-225.



MorphologicalComputationΧƳƻǊŜ precisely

Compound eyes
Objects nearbymovefaster across the 
visual field than objects farther away

Passive walker

http://www.space-
eight.com/walker.html

A) Morphologyfacilitating
control

B) Morphologyfacilitating
perception

C) Morphological
Computation

Reservoir computing
Physicalbody acts asa 
reservoir

V.C. Muller, M. Hoffmann, "What ismorphologicalcomputation? On how
body contributesto congnitionand control", Artificial Life 23:1-24 (2017)

https://www.google.it/search?q=passive+walker&oq=passive+walker&aqs=chrome..69i57j0l5.3758j0j7&sourceid=chrome&ie=UTF-8#q=passive+walker&tbm=vid
http://www.space-eight.com/walker.html


Agent Design Principle 1

The three-costituentsprinciple:
Ådefine the ecological niche ENVIRONMENT
Ådefine the desired behaviour and tasksTASK
Ådesign the agent BODY

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Agent Design Principle 2

The complete-agent principle:
Åthink about the complete agent behavingin the real

world

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Agent Design Principle 3

Cheap design:
ÅIf agents are built to 

exploit the properties of 
the ecological niche and 
the characteristics of the 
interaction with the 
environment, their 
design and construction 
will be much easier, or 
ΨŎƘŜŀǇŜǊΩ

Passive 
walker
video

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007

http://www.space-eight.com/walker.html

https://www.google.it/search?q=passive+walker&oq=passive+walker&aqs=chrome..69i57j0l5.3758j0j7&sourceid=chrome&ie=UTF-8#q=passive+walker&tbm=vid
http://www.space-eight.com/walker.html


Agent Design Principle 4

Redundancy:
ÅIntelligent agents must be designed in such a way 

that 
(a) their different sub-systems function on the basis 

of different physical processes, and 
(b) there is partial overlap of functionality between 

the different sub-systems

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Agent Design Principle 5

Sensory-Motor Coordination:
Åthrough sensory-motor 

coordination, structured 
sensory stimulation is 
induced.

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Agent Design Principle 6

Ecologicalbalance:
1. given a certain task 

environment, there has to 
be a match between the 
ŎƻƳǇƭŜȄƛǘƛŜǎ ƻŦ ǘƘŜ ŀƎŜƴǘΩǎ 
sensory, motor, and neural 
systems

2. there is a certain balance or 
task distribution between 
morphology, materials, 
control, and environment.

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007

From Climbing Mount Improbableby Dawkins. 
A snail with human-like, and human-sized, eyes. 
This snail would have a hard time carrying along 
these giant eyes, but more importantly, they 
would be only moderately useful, if at all: why 
bother detecting fast-moving predators if you 
cannot run away from them, or detecting 
running prey if you are vegetarian? The 
complexity, weight, and size of the human eyes 
would only constitute unnecessary baggage,
an example of an entirely unbalanced system.



Agent Design Principle 7

Parallel, looselycoupledprocesses:
intelligence is emergent from a large number of parallel 
processes that are often coordinated through 
embodiment, in particular via the embodied interaction 
with the environment 

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007

Reactivearchitectures



Agent Design Principle 8

Value:
agents are equipped with a value system which 
constitutes a basic set of assumptions about what is 
good for the agent

Rolf Pfeifer & Josh C. Bongard, How the body shapes the way we think: a new view of intelligence, The MIT Press, Cambridge, MA, 2007



Embodied Intelligence and 
soft robotics

Classicalapproach
Å The focus ison the brainand 

centralprocessing

Modern approach
The focus ison interactionwith the 

environment. Cognitionisemergentfrom
system-environmentinteraction

Rolf Pfeifer and Josh C. Bongard, How the body shapes the way we think: a new view of 
intelligence, The MIT Press, Cambridge, MA, 2007

Any cognitive activity arises from the interaction

between the body, the brain and the 

environment. 

Adaptive behaviour is not just control and 

computation, but it emerges from the complex 

and dynamic interaction between the 

morphology of the body, sensory-motor control, 

and environment.

Many tasks become much easier if 

morphological computation is taken into 

account. 

=> A new soft bodywareis needed



DefiningSoft Robotics: 
a first broadclassification

Variableimpedanceactuatorsand 
stiffnesscontrol

Åmechanically (or passively) compliant 
joints with variable stiffness 

Å complianceor impedancecontrol 

Use of soft materialsin robotics

Å Robotsmade of soft materialsor 
structuresthat undergohigh 
deformationsin interaction

Å Soft actuatorsand soft components

IEEE Robotics and Automation Magazine, 
Special Issue on Soft Robotics, 2008

Laschi C. and CianchettiaΦ όнлмпύ ά{ƻŦǘ wƻōƻǘƛŎǎΥ ƴŜǿ 
perspectives for robot bodywareŀƴŘ ŎƻƴǘǊƻƭέ Frontiers in 

Bioengineering & Biotechnology, 2(3)



! ΨǎƻŦǘΩ animalworld

ÅThe vast majority of animals are soft-
bodied

ÅAnimals with stiff exoskeletons such 
as insects have long-lived life stages 
wherein they are almost entirely soft 
(maggots, grubs, and caterpillars).

ÅAnimals with stiff endoskeletons are 
mainly composed of soft tissues and 
liquids. 

the human skeleton typically 
contributes only 11% of the body 
mass of an adult male

skeletal muscle contributes an 
average 42% of body mass

Kim S., Laschi C., and Trimmer B. (2013) Soft robotics: a bioinspired 
evolution in robotics, Trends in Biotechnology, April 2013.



! ΨǎƻŦǘΩ animalworld

ÅSoft animals tend to be smallbecause 
it is difficult for them to support their 
own body weight without a skeleton. 
ÅAll of the extremely large soft 

invertebrates are found either 
Åin water (squid and jellyfish) or 
Åunderground(giant earthworms), 

where their body is supported by the 
surrounding medium. 

Kim S., Laschi C., and Trimmer B. (2013) Soft robotics: a bioinspired evolution in 
robotics, Trends in Biotechnology, April 2013.



DefiningSoft Robotics

Åά{ƻŦǘ-ōƻŘƛŜŘ ǊƻōƻǘǎέΣ ƛƴ ŀƴŀƭƻƎȅ ǿƛǘƘ ǎƻŦǘ-bodied 
animals

Kim S., Laschi C., and Trimmer B. (2013) Soft robotics: a bioinspired evolution 
in robotics, Trends in Biotechnology, April 2013.

Åάwƻōƻǘǎ ōǳƛƭǘ ǿƛǘƘ ǎƻŦǘ ƳŀǘŜǊƛŀƭǎέ
Laschi C. and CianchettiaΦ όнлмпύ ά{ƻŦǘ wƻōƻǘƛŎǎΥ ƴŜǿ ǇŜǊǎǇŜŎǘƛǾŜǎ ŦƻǊ Ǌƻōƻǘ 

bodywareŀƴŘ ŎƻƴǘǊƻƭέ Frontiers in Bioengineering & Biotechnology, 2(3)



DefiningSoft Robotics

ÅάǎȅǎǘŜƳǎ ǘƘŀǘ ŀǊŜ ŎŀǇŀōƭŜ ƻŦ ŀǳǘƻƴƻƳƻǳǎ ōŜƘŀǾƛƻǊΣ ŀƴŘ ǘƘŀǘ ŀǊŜ 
primarily composed of materials with moduli in the range of that of 
ǎƻŦǘ ōƛƻƭƻƎƛŎŀƭ ƳŀǘŜǊƛŀƭǎέ

D. Rus, M. T. Tolley, Design, fabrication and control of soft robots. Nature521, 467-475 (2015).

ÅάǎƻŦǘ-ƳŀǘǘŜǊ ǊƻōƻǘƛŎǎέΣ ōŀǎŜŘ ƻƴ ǘƘŜ ǿŜƭƭ-ƪƴƻǿƴ ŎƻƴŎŜǇǘ ƻŦ άǎƻŦǘ 
ƳŀǘǘŜǊέ ǳǎŜŘ ŦƻǊ ƳŀǘŜǊƛŀƭǎ

L. Wang, F. Iida, Deformation in Soft-Matter Robotics: A Categorization and Quantitative 
Characterization. IEEE Robotics & Automation Magazine 22(3), 125-139 (2015).



RoboSoft isa CoordinationAction on Soft Roboticsfunded by the EuropeanCommission.
The RoboSoftCommunity accounts for 34 member institutions for a total of 100+ scientists

DefiningSoft Robotics

Definition of Soft Roboticsby RoboSoft Community



LowElasticModulus

HighElasticModulus

Soft Robotics may exploit materials which present:

- INHERENT MATERIAL compliance: bulk material properties 
όŜƭŀǎǘƻƳŜǊǎΣ ƭƻǿ ŜƭŀǎǘƛŎ ƳƻŘǳƭǳǎ ǇƻƭȅƳŜǊǎΣ ƎŜƭǎΧύ

- STRUCTURAL compliance: geometric features or arrangement can 
allow magnified strains compared with local material deformation

SoftRobotics

HardRobotics

M. Wehner, R.L. Truby, D.J. Fitzgerald, B. Mosadegh, G.M. Whitesides, 
J.A. Lewis, R.J. Wood, An integrateddesign and fabricationstrategyfor 
entirelysoft, autonomousrobots, Nature536, 451ς455

C. Laschi, B. Mazzolai, M. Cianchetti, "Soft robotics: technologiesand systems
pushingthe boundariesof robot abilities", Science Robotics1(1), 2016



file:///C:/Users/Cecilia Laschi/Documents/Presentazioni/Videos/Science Robotics 2016 Laschi_movie S1.wmv


Summaryof bioinspiredapproachesto 
robotics(in this courseΧύ

Robot mechanics
and kinematics

Robot control

Robot vision

Robot behaviour

Robot sensors

EmbodiedIntelligence, 
Soft Robotics

Neurocontrollers

Predictivebehaviour

Vestibularsystem

Bioinspiredvision
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Cianchetti, M., Arienti, A., Follador, M., Mazzolai, B., Dario,P., Laschi, C.
ά5ŜǎƛƎƴconceptandvalidationof a robotic arm inspiredby theƻŎǘƻǇǳǎέΣ
MaterialsScienceandEngineeringC, Vol.31, 2011, pp.1230-1239.

ωSilicone

ω9 sections of 
transverse and 
longitudinal 
cables (coupled)

ωCables pulled by 
electric motors

ωSimple 
activation 
pattern: 
sequential 
activation of 
sections, with 
equal activation 
of 4 longi-
transverse 
cables per 
section

Octopus-inspiredrobot arm



Soft robot control

ModelςFree  
(learning-based) 

approaches

Modelςbased 
Approaches 

Joint positions 
(angles)

Joint space Task space

Position, 
orientation, force

FROM:

TO:

T. GeorgeThuruthel,Y. Ansari,E. Falotico,C. Laschi(2018)ά/ƻƴǘǊƻƭ
Strategiesfor soft robotic manipulators: aǎǳǊǾŜȅέΣSoftRobotics5(2)



Model-basedapproachesfor soft robot control
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T. GeorgeThuruthel,Y. Ansari,E. Falotico,C. Laschi(2018)ά/ƻƴǘǊƻƭ
Strategiesfor soft robotic manipulators: aǎǳǊǾŜȅέΣSoftRobotics5(2)



Model-basedapproachesfor soft robot control

Basedon CC modeling

Closed-loop task spacecontroller

Closed-loop controller in task space

Closed-loop controller in joint space

Camarillo DB, Carlson CR, Salisbury JK. Task-space control of continuum manipulators with coupled tendon drive. In: Experimental Robotics. 
Springer Tracts in Advanced Robotics, vol 54. Khatib O, Kumar V, Pappas GJ (Eds). Berlin, Heidelberg; Springer: 2009, pp. 271ς280.

BajoA, Goldman R, SimaanN. Configuration and joint feedback for enhanced performance of multi-segment continuum robots. 2011 IEEE 
International Conference on Robotics and Automation (ICRA), Shanghai, China, 2011.

PenningR, Jung J, Ferrier N, Zinn M.Anevaluation of closedloopcontrol options for continuum manipulators. 2012 IEEE International Conference 
on Robotics and Automation (ICRA), Saint Paul, MN, 2012.

T. GeorgeThuruthel,Y. Ansari,E. Falotico,C. Laschi(2018)ά/ƻƴǘǊƻƭ
Strategiesfor soft robotic manipulators: aǎǳǊǾŜȅέΣSoftRobotics5(2)



Model-basedapproachesfor soft robot control

Discussion:
Å Most widelyusedin quasi staticconditions
Å Mostly relyingon CC approximation
Å More complexmodelsare computationallyexpensive

Å Needfor alternative methods, better addressingthe 
complexityof soft robot control, at affordable
computationalcost

=> model-free approaches

T. GeorgeThuruthel,Y. Ansari,E. Falotico,C. Laschi(2018)ά/ƻƴǘǊƻƭ
Strategiesfor soft robotic manipulators: aǎǳǊǾŜȅέΣSoftRobotics5(2)



Model-free approachesfor soft robot control
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Model-free approachesfor soft robot control

Model-free closed-loop task spacecontroller

Cable 
Tension

Learning-basedControl,by learningthe
inversemodel.

Learning by collecting points and
exploiting the approximationcapability
of a FNN,asfor rigid robots

End effector
position

GiorelliM, Renda F, Calisti M, Arienti A, Ferri G, Laschi C. Neural network and Jacobian method for solving the inverse statics of a 
cable-driven soft arm with nonconstantcurvature. IEEE Trans Robot 2015;31:823ς834.
GiorelliM, Renda F, Calisti M, Arienti A, Ferri G, Laschi C. Learning the inverse kinetics of an octopus-like manipulator in three-
dimensional space. BioinspirBiomim2015; 10:035006.

Rolf M, SteilJJ. Efficient exploratory learning of inverse kinematics on a bionic elephant trunk. IEEE Trans Neural NetwLearn Syst2014;25:1147ς1160.

JOINT SPACETASK SPACE

T. GeorgeThuruthel,Y. Ansari,E. Falotico,C. Laschi(2018)ά/ƻƴǘǊƻƭ
Strategiesfor soft robotic manipulators: aǎǳǊǾŜȅέΣSoftRobotics5(2)



Comparisonof a model-basedand a model-free approaches

Cable 
Tension

Giorelli, M., Renda,F., Calisti,M., Arienti, A., Ferri, G., & Laschi,C. (2015). Neural network and
Jacobianmethod for solving the inverse statics of a cable-driven soft arm with nonconstant
curvature. IEEETransactionsonRobotics, 31(4), 823-834.

control the end effectorposition throughthe cabletension1. Jacobian-basedInverse 
StaticController

2. Learning-basedControl, by 
learningthe inverse model.

End effector
position

In simulation

Cosserat-basedmodel



Comparisonof a model-basedand a model-free approaches

Cable Tension

Giorelli, M., Renda,F., Calisti,M., Arienti, A., Ferri, G., & Laschi,C. (2015). Neural network and
Jacobianmethod for solving the inverse statics of a cable-driven soft arm with nonconstant
curvature. IEEETransactionsonRobotics, 31(4), 823-834.

control the end effectorposition throughthe cabletension1. Jacobian-basedInverse 
StaticController

2. Learning-basedControl, by 
learningthe inverse model.

End effector
position



Tip 
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Cable 
Forces

2-D Space
2 Cables
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Inaccuracies Jacobian FNN

Inaccuracy

Inaccuracy

1.7 mm

Comparisonof a model-basedand a model-free approaches

Giorelli,M., Renda,F., Calisti,M., Arienti,A., Ferri,G., & Laschi,C. (2015). NeuralnetworkandJacobian
method for solvingthe inversestaticsof a cable-driven soft arm with nonconstantcurvature. IEEE
TransactionsonRobotics, 31(4), 823-834.

Simulated Defective Model



Inverse Kinematic Controller

I-Support Prototype

Six DoFHybrid System 
(Pneumatic and Tendon) 

Mean Error Standard 
Deviation

Position (mm) 5.58 3.08

X- axis rotation (degrees) 2.76 5.42

Y- axis rotation (degrees) 1.84 1.83

Z- axis rotation (degrees) 3.85 7.02

25randompointsselectedfrom workspace

Å2000 sample points divided in the ratio 
70:30 for training and testing respectively
Å2 hours for data collection, training, set-up

LEARNING

TESTS

Kinematics: based on steady state assumptions

Learning a  Differential Inverse Kinematics formulation : ● ὐ▲▫ ▲
This allows for redundancy resolution, robustness to modelling errors
The learned mapping is :  (● ,▲░ȟ●ύ Ҧ ό▲ ) 

George ThuruthelT, Falotico E., et al. "Learning closed loop kinematic controllers for 
continuum manipulators in unstructured environments." Soft robotics 4.3 (2017): 285-296.

Line Following

Disturbance Rejection

Ў● ὐ▲Ў▲● ὐ▲▲



Model-free approachesfor soft robot control

Discussion:
ÅNo needfor definingthe parametersof the 

configurationspaceor joint space
Å Independentfrom manipulatorshape
ÅArbitrarilycomplexkinematicmodels, 

dependingon sample data and sensorynoise
ÅBetterperformance with highlynonlinear, 

non-uniform, gravity-influencedsystems
ÅSuitablefor unstructuredenvironments

wheremodellingisalmostimpossible

Better encodingof morphologicalcomputation?



Dynamic Controllers ςopen loop

Thuruthel, T. G., Manti, M., Falotico, E., Laschi, C. 2018. "Stable Open Loop Control of 
Soft Robotic Manipulators."IEEE Robotics and Automation Letters3(2):1292-1298.

Controlling the soft manipulator both in 
space and time

Sampling Slow circle task Fast circle task

Ⱳȟ●ȟ●ᴼ●

Ⱳȟ●░ȟ●░ ᴼ ●░



Self-Stabilizing Trajectories
The unique dynamics of a soft 
manipulator exhibits larger number 
of dynamic attractors that can be 
used for stable open loop control

Thuruthel T. G., Falotico E., Manti M.,  Laschi C. (2018). Stable Open Loop Control of Soft Robotic 
Manipulators.IEEE Robotics and Automation Letters, 3(2), 1292-1298.



Summaryof bioinspiredapproachesto 
robotics(in this courseΧύ

Robot mechanics
and kinematics

Robot control

Robot vision

Robot behaviour

Robot sensors

EmbodiedIntelligence, 
Soft Robotics

Neurocontrollers

Predictivebehaviour

Vestibularsystem

Bioinspiredvision



R. Brooks, Cambrian Intelligence, MIT Press, 2000

Behaviour: Perception-Action loops
Roboticsperceptionand actionarchitectures



Behaviour: Perception-Action loops
Natural perception and action pathways

WORLD

EFFECTORS
SENSORS

from Kandel et al., Principlesof Neuroscience, McGraw-Hill



Natural perception and action pathways

SENSORS

from Kandel et al., Principlesof Neuroscience, McGraw-Hill

Perceptionandactionnot sodifferentΧ

WORLD

EFFECTORS



Delays in the human nervous system

A. Berthoz, Le sensdu mouvement. OdileJacob, Paris, 1997
wΦ{Φ WƻƘŀƴǎǎƻƴΣ ά{ŜƴǎƻǊȅ ƛƴǇǳǘ ŀƴŘ ŎƻƴǘǊƻƭ ƻŦ ƎǊƛǇέΣ ƛƴ aΦ DƭƛŎƪǎǘŜƛƴ ό9ŘΦύΣ 
Sensory Guidance of Movements. John Wiley, Chichester, UK, pp. 45-59,1998

άLƴmotor control delays arise in sensorytransduction, central processing, and in the motor output.
Sensortransductionlatenciesaremostnoticeablein the visualsystemwherethe retina introducesa delay
of 30-60 ms,but sensoryconductiondelayscanalsobe appreciable. Centraldelaysare alsopresentdue
to suchill-definedeventssuchasneuralcomputation,decisionmakingand the bottlenecksin processing
command. Delaysin the motor output result from motorneuronal axonal conduction delays,muscle
exictation-contractiondelays,and phaselagsdue to the intertia of the system. Thesedelayscombineto
give an unavoidable feedbackdelay within the negative feedbackcontrol loop, and can lie between
about 30msfor a spinalreflex up to 200-300msfor a visuallyguidedresponse.έ

wΦ/Φ aƛŀƭƭΣ 5ΦWΦ ²ŜƛǊΣ 5ΦaΦ ²ƻƭǇŜǊǘΣ WΦCΦ {ǘŜƛƴΣ άLǎ ǘƘŜ ŎŜǊŜōŜƭƭǳƳ ŀ {ƳƛǘƘ ǇǊŜŘƛŎǘƻǊΚέΣ 
Journal of Motor Behavior, vol. 25, no. 3, pp. 203-216, 1993

άFast and coordinated arm movements cannot be executedunder pure 
feedback control because biological feedbackloops are both too slow and 

have small gainsέ 
M. Kawato, Internal models for motor control andtrajectory planning. Current Opinion in 

Neurobiology, 9, 718-727(1999). Elsevier Science Ltd.



Predictionand anticipation strategies
in the human brain

In humans, perception is not just the interpretation of sensory 
signals, but a prediction of consequences of actions

άtŜǊŎŜǇǘƛƻƴcanbedefinedasa simulatedaction:
perceptual activity is not confined to the
interpretation of sensory information but it
anticipatesthe consequencesof action,so it is an
internalsimulationof action.
Eachtime it is engagedin an action, the brain
constructs hypotheses about the state of a
variegated group of sensory parameters
throughoutthe movement.έ

BerthozA. (2002), ¢ƘŜ ōǊŀƛƴΩǎ ǎŜƴǎŜ ƻŦ ƳƻǾŜƳŜƴǘ. Harvard University Press



R. Brooks, /ŀƳōǊƛŀƴ LƴǘŜƭƭƛƎŜƴŎŜέ MIT Press, 2000

From hierarchicalto reactive
architecturesin robotics



Predictivearchitectures

If mismatch


