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biology-inspired approach to robotics #1:

movement intelligence is
caused by

superior control
(“a robot with a biological brain”)



• Braitenberg (1961)

• Marr (1969)

• Albus (1971)

• Albus (1975)

cerebellar models 1: the CMAC



cerebellar models 2: the APG

• Houk, Barto, Fagg (1989)



cerebellar models 3: the MPFIM

• Wolpert, Kawato (1998, 2000)

• Peters, van der Smagt (2001)



and more and more...

• Smith‘s “Fairly Obvious Extension” (APG with vector-eligibility)

• Schweighofer’s model (biologically inspired)

• Hoff/Bekey Method (combined with spinal model)

• CNS-BU Model (VOR)

• Jabri et al (multi-layer Perceptron)

• 2009: Jörntell, Nilsson (high-level model “LSAM”)

• ...



from high-level (cerebellar) views

• cerebellar lesions lead to ataxia, lack of order in 
movement---but movement is very possible

• there are huge delays in the PNS which prevent fast 
feedback loops

• recent theories see the cerebellum as a filter which 
smooths out cortical movement patterns with inertial 
feedback

• ...somehow the controlled system must be smarter



biology-inspired approach to robotics #2:

movement intelligence is
present despite

control
(“a computer with a biological body”)



let’s see how nature did all of these

step 1: let us try to understand the human body in its

• kinematics

• statics

• dynamics

step 2: let us then add intelligent control



1 kinematics 		 problem: modelling the human hand

Stillfried & van der Smagt, Proc. ICABB, 2010
Stillfried & & van der Smagt, J. Biomech, 2012
Synek & Stillfried, BioRob 2012



1 kinematics 

 problem’: tracking

MRI

• repeatable position of rigid structure

• high costs

• costly post-processing 

• single-participant only

• deformation not quantifiable



1 kinematics 

 problem’: tracking

tracking system

• novel marker system

• “highly accurate”

• real-time

• costly

• skin deformations

• non-portable

• marker assignment 
done through unique 
markers

Gierlach & Gustus & van der Smagt, BioRob 2012



Kinect

• “marker-free”

• real-time

• portable

• low accuracy

1 kinematics 

 problem’: tracking

• uses particle filtering 
to do sequential 
Bayesian estimation

Cordella & & van der Smagt, BioRob 2012



patent pending 

2 statics	 	 intrinsic stiffness of the human fingers

TABLE I
MEAN ± ONE SEM STIFFNESS VALUES (N/M) FOR EACH SUBJECT (ROWS) AND NFL (COLUMNS). EACH POINT IS EVALUATED OVER 10

STIMULUS/RESPONSE CYCLES.

10% 20% 30% 40% 50% 60%
A 76± 6 126± 7 183± 10 224± 13 262± 16 340± 20
B 250± 14 310± 19 406± 12 469± 14 502± 29 554± 21
C 201± 10 230± 10 295± 9 330± 13 369± 19 444± 17
D 47± 9 96± 18 156± 16 178± 32 264± 37 262± 20
E 198± 10 237± 15 302± 26 367± 13 419± 28 454± 42

Fig. 4. Graphical representation of the estimated stiffness per each subject and Normalised Force Level NFL.

!"#$%&'#(%)*+,*-.-/01,2-32456/-78+,$73,309-0:,785;+

<30=3-8/,>4?.-//01,/7,@ABB,%''',%8/0386/-7865,!78C030820,78
D7?7/-2>,681,)4/7.6/-78+,D020-901,E0=/0.?03,BFG,@ABA+

Höppner & & van der Smagt, IROS 2012



2 statics	 	 intrinsic stiffness of the human limbs

Höppner & & van der Smagt, Proc. ICABB, 2010



3 dynamics	 	 controlled stiffness of the human fingers

Dominikus Gierlach



3 dynamics	 	 controlled stiffness of the human limbs (5D)

Lakatos & & van der Smagt, NCM 2012
Lakatos & & van der Smagt, ISER 2012
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Fig. 5. Principal Component Analysis of kinematic and dynamic features; the plots show the normalised cumulative sum of the PCA eigenvalues. (left) All
samples considered altogether; (right) grouped by subject, markers and error bars denoting average values plus/minus one standard error of the mean.

Fig. 6. 3D visualisation of 3 of the grasps as performed by all subjects; colours denote grasps. (left) Kinematic synergies, (right) dynamic synergies.

Fig. 7. 3D visualisation of 3 of the grasps as performed by all subjects; colours denote subjects. (left) Kinematic synergies, (right) dynamic synergies.

nature copes by reducing DoF to DoM

• PCA of EMG of all grasps, separated by user
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Fig. 2. The five objects while being grasped by a subject: (left to right) flat grasp, pinch grip, tripodal grip, small power grasp and large power grasp. Notice
that the subject never pronates and/or supinates the forearm, as instructed.

At the end 97.4% of the original data, that is 487 lifting
intervals out of the expected 500, were identified: 5 subjects
repeating each of the 5 grasps for 20 times. Data were then
normalised by subtracting the mean values and dividing by
the standard deviations, dimension-wise, per-subject, in order
to remove the intra-subject differences due to the hand size
and the level of muscle fitness.

Lastly, each sequence was averaged out dimension-wise.
These average values were assumed as representatives of stable
grasps enforced during each carrying phase. This operation re-
sulted then in 487 new samples, each one denoting a sequence
labelled by a subject and grasp index. For each sample, two
sets of features were obtained: the 18-dimensional kinematic
features obtained from the glove, and the 10-dimensional EMG
features obtained from the EMG electrodes. Two sets of labels
were obtained, one according to the subjects (1,2,3,5,6) and
one according to the grasps (flat grasp, pinch grip, tripodal
grip, small power grasp and large power grasp).

III. EXPERIMENTAL RESULTS

A. Kinematic and dynamic synergies

Principal Component Analysis (PCA), a very basic dimen-
sionality reduction technique (see, e.g., [13]), was first applied
to the dataset in order to check that a small number of
linear combinations of kinematic and/or EMG features would
account for a reasonable amount of variability in the data set1.
(Simple as it is, PCA has proved to be the main instrument to
determine kinematic synergies in previous work [?] patrick

please fix this.) Principal components are linear combinations
of glove sensor values or EMG electrode values, and denote
therefore synergistic kinematic or dynamic activity, in turn.
From now on then, principal components will be denoted as
kinematic or dynamic synergies.

Consider Figure 5, showing the percentage of data variance
as more and more synergies are considered, as a cumulative
normalised sum. On the left panel, PCA is applied to the whole
data set altogether, irrespective of subjects and grasps. In
the case of kinematic features (glove sensors) three synergies
account for 74.62% of the total signal variance; five of them
account for 85.52%. In the case of dynamic features (EMG
electrodes), the figures for three synergies rise to 92.63% and
91.11% (in turn, proximal and distal electrodes) and 83.62%
(all electrodes).

1Recall that from now on we will be using the data set obtained by
averaging out the sensor values over the carrying phases identified during
the preprocessing phase.

This clearly proves that kinematic synergies are present;
our figures are in agreement with previous work, given the
simplicity of the tasks at hand (e.g., [3]). The grasps consid-
ered can be captured (at 75% variance) by using three linear
combinations of the glove sensor values, meaning that most of
the grasps share the same three characteristic ”eigengrasps”.

A more interesting result is that very strong dynamic syn-
ergies are found as well; that is, that muscles act in a mostly
coordinated fashion, and exerting therefore the same forces
over and over again. Three linear combinations of the 10
electrodes considered account for 84% of the whole signal
variance.

Consider now the right panel of the same Figure. This
time both kinematic and dynamic data have been grouped
per-subject (markers and error bars denote average variance
percentage values plus/minus one standard error of the mean).
In this case the ”compression” obtained by using three syn-
ergies is even more evident, being in turn 87.37% ± 1.5%,
96.36% ± 0.72%, 95.13% ± 1.23% and 91.46% ± 1.41%
for kinematic features, proximal, distal and all electrodes.
This results overall means that synergies, both kinematic and
dynamic, exist uniformly at the single-subject level, and that
they are even stronger. This is intuitively clear, as in this case
any inter-subject variance is artificially removed.

B. Common synergy features

We now turn to a more qualitative analysis of the synergies
found in the previous Subsection. From now on we will
consider 3 synergies only — this has the great advantage that
data can be visualised, and it involves an acceptable loss of
information as previously stated.

We first focus on a reduced version of the problem, namely
we consider a subset of three grasps: pinch grip, small power
grasp and large power grasp (second, fourth and fifth panels
from the left of Figure 2). These grasps are very different from
one another from a kinematic point of view; this is reflected
in their distance in standard grasp taxonomies (examples can
be found in [14], [15]).

Consider first Figure 6, depicting the grasps in 3 dimensions
(first, second and third synergy) in the kinematic (left) and
dynamic (right) spaces. It is apparent that the grasps are well
clustered, to the point that a linear classifier (i.e., a plane in 3D)
could separate them perfectly from one another in kinematic
space, and almost perfectly in dynamic space. As opposed
to this, consider now Figure 7 which depicts the same data,
but associating a colour to each subject (rather than to each
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Fig. 5. Principal Component Analysis of kinematic and dynamic features; the plots show the normalised cumulative sum of the PCA eigenvalues. (left) All
samples considered altogether; (right) grouped by subject, markers and error bars denoting average values plus/minus one standard error of the mean.

Fig. 6. 3D visualisation of 3 of the grasps as performed by all subjects; colours denote grasps. (left) Kinematic synergies, (right) dynamic synergies.

Fig. 7. 3D visualisation of 3 of the grasps as performed by all subjects; colours denote subjects. (left) Kinematic synergies, (right) dynamic synergies.
Castellini & van der Smagt, ICAR 2011
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nature copes by reducing DoF to DoM
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Fig. 2. The five objects while being grasped by a subject: (left to right) flat grasp, pinch grip, tripodal grip, small power grasp and large power grasp. Notice
that the subject never pronates and/or supinates the forearm, as instructed.

At the end 97.4% of the original data, that is 487 lifting
intervals out of the expected 500, were identified: 5 subjects
repeating each of the 5 grasps for 20 times. Data were then
normalised by subtracting the mean values and dividing by
the standard deviations, dimension-wise, per-subject, in order
to remove the intra-subject differences due to the hand size
and the level of muscle fitness.

Lastly, each sequence was averaged out dimension-wise.
These average values were assumed as representatives of stable
grasps enforced during each carrying phase. This operation re-
sulted then in 487 new samples, each one denoting a sequence
labelled by a subject and grasp index. For each sample, two
sets of features were obtained: the 18-dimensional kinematic
features obtained from the glove, and the 10-dimensional EMG
features obtained from the EMG electrodes. Two sets of labels
were obtained, one according to the subjects (1,2,3,5,6) and
one according to the grasps (flat grasp, pinch grip, tripodal
grip, small power grasp and large power grasp).

III. EXPERIMENTAL RESULTS

A. Kinematic and dynamic synergies

Principal Component Analysis (PCA), a very basic dimen-
sionality reduction technique (see, e.g., [13]), was first applied
to the dataset in order to check that a small number of
linear combinations of kinematic and/or EMG features would
account for a reasonable amount of variability in the data set1.
(Simple as it is, PCA has proved to be the main instrument to
determine kinematic synergies in previous work [?] patrick

please fix this.) Principal components are linear combinations
of glove sensor values or EMG electrode values, and denote
therefore synergistic kinematic or dynamic activity, in turn.
From now on then, principal components will be denoted as
kinematic or dynamic synergies.

Consider Figure 5, showing the percentage of data variance
as more and more synergies are considered, as a cumulative
normalised sum. On the left panel, PCA is applied to the whole
data set altogether, irrespective of subjects and grasps. In
the case of kinematic features (glove sensors) three synergies
account for 74.62% of the total signal variance; five of them
account for 85.52%. In the case of dynamic features (EMG
electrodes), the figures for three synergies rise to 92.63% and
91.11% (in turn, proximal and distal electrodes) and 83.62%
(all electrodes).

1Recall that from now on we will be using the data set obtained by
averaging out the sensor values over the carrying phases identified during
the preprocessing phase.

This clearly proves that kinematic synergies are present;
our figures are in agreement with previous work, given the
simplicity of the tasks at hand (e.g., [3]). The grasps consid-
ered can be captured (at 75% variance) by using three linear
combinations of the glove sensor values, meaning that most of
the grasps share the same three characteristic ”eigengrasps”.

A more interesting result is that very strong dynamic syn-
ergies are found as well; that is, that muscles act in a mostly
coordinated fashion, and exerting therefore the same forces
over and over again. Three linear combinations of the 10
electrodes considered account for 84% of the whole signal
variance.

Consider now the right panel of the same Figure. This
time both kinematic and dynamic data have been grouped
per-subject (markers and error bars denote average variance
percentage values plus/minus one standard error of the mean).
In this case the ”compression” obtained by using three syn-
ergies is even more evident, being in turn 87.37% ± 1.5%,
96.36% ± 0.72%, 95.13% ± 1.23% and 91.46% ± 1.41%
for kinematic features, proximal, distal and all electrodes.
This results overall means that synergies, both kinematic and
dynamic, exist uniformly at the single-subject level, and that
they are even stronger. This is intuitively clear, as in this case
any inter-subject variance is artificially removed.

B. Common synergy features

We now turn to a more qualitative analysis of the synergies
found in the previous Subsection. From now on we will
consider 3 synergies only — this has the great advantage that
data can be visualised, and it involves an acceptable loss of
information as previously stated.

We first focus on a reduced version of the problem, namely
we consider a subset of three grasps: pinch grip, small power
grasp and large power grasp (second, fourth and fifth panels
from the left of Figure 2). These grasps are very different from
one another from a kinematic point of view; this is reflected
in their distance in standard grasp taxonomies (examples can
be found in [14], [15]).

Consider first Figure 6, depicting the grasps in 3 dimensions
(first, second and third synergy) in the kinematic (left) and
dynamic (right) spaces. It is apparent that the grasps are well
clustered, to the point that a linear classifier (i.e., a plane in 3D)
could separate them perfectly from one another in kinematic
space, and almost perfectly in dynamic space. As opposed
to this, consider now Figure 7 which depicts the same data,
but associating a colour to each subject (rather than to each
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Fig. 5. Principal Component Analysis of kinematic and dynamic features; the plots show the normalised cumulative sum of the PCA eigenvalues. (left) All
samples considered altogether; (right) grouped by subject, markers and error bars denoting average values plus/minus one standard error of the mean.

Fig. 6. 3D visualisation of 3 of the grasps as performed by all subjects; colours denote grasps. (left) Kinematic synergies, (right) dynamic synergies.

Fig. 7. 3D visualisation of 3 of the grasps as performed by all subjects; colours denote subjects. (left) Kinematic synergies, (right) dynamic synergies.

Castellini & van der Smagt, ICAR 2011• PCA of EMG of all users, separated by grasp



back to intelligent control		 	 fingers

Bitzer & van der Smagt, 2006
Castellini & van der Smagt, 2009



back to intelligent control		 arm

Vogel & & van der Smagt, IROS 2011



the technology we built

2) optical finger tracking 

�� Marker stars consist of base geometry with 4 spheres 
�� Manufactured by rapid prototyping, materials can be PA, ABS, � 
�� Spheres have to be coated with retroreflective material 

�� Reflective in IR spectrum 
�� Coating small spheres has to be possible 
�� Spheres may have contact with skin, should keep properties 

next steps 

verbesserte Auflösung des EMG-Signals 
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