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Abstract
Background: A proper modeling of human grasping and of hand movements is fundamental for robotics,
prosthetics, physiology and rehabilitation. The taxonomies of hand grasps that have been proposed in scientific
literature so far are based on qualitative analyses of the movements and thus they are usually not quantitatively
justified.
Methods: This paper presents to the best of our knowledge the first quantitative taxonomy of hand grasps based on
biomedical data measurements. The taxonomy is based on electromyography and kinematic data recorded from 40
healthy subjects performing 20 unique hand grasps. For each subject, a set of hierarchical trees are computed for
several signal features. Afterwards, the trees are combined, first into modality-specific (i.e. muscular and kinematic)
taxonomies of hand grasps and then into a general quantitative taxonomy of hand movements. The modality-specific
taxonomies provide similar results despite describing different parameters of hand movements, one being muscular
and the other kinematic.
Results: The general taxonomy merges the kinematic and muscular description into a comprehensive hierarchical
structure. The obtained results clarify what has been proposed in the literature so far and they partially confirm the
qualitative parameters used to create previous taxonomies of hand grasps. According to the results, hand movements
can be divided into five movement categories defined based on the overall grasp shape, finger positioning and
muscular activation. Part of the results appears qualitatively in accordance with previous results describing kinematic
hand grasping synergies.
Conclusions: The taxonomy of hand grasps proposed in this paper clarifies with quantitative measurements what
has been proposed in the field on a qualitative basis, thus having a potential impact on several scientific fields.
Keywords: Hierarchical trees, Electromyography, Kinematics, Hand Grasps Taxonomy, Hand Movements, Robotics

Background
In 1989 Cutkosky [1] said that the main goal in the field
of rehabilitation robotics was to build a robot capable of
deciding autonomously how to pick up and manipulate
objects to perform everyday tasks just like humans do.
However, the human hand can perform an almost infinite number of movements. Structuring and organizing
the hand grasps into a hierarchical taxonomy can be useful
to better understand how the hands interact with different
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objects as well as to advance and evaluate devices that try
to imitate them.
A taxonomy of hand movements is important for several
scientific fields, including robotics, prosthetics, physiology and rehabilitation. In robotics, it can be useful to compare the functionality of robotic hands with real human
hands. In prosthetics, very advanced myoelectric hands
have been developed from a mechanical point of view but
they are usually not well accepted by amputees [2–4]. A
taxonomy of hand grasps can foster the development of
prosthetic hands that perform movements corresponding
to the taxonomic groups that are mostly useful in real
life situations. In physiology, a comprehensive quantitative comparison of hand grasps may create a link between
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hand synergies [5] and real life needs. In rehabilitation,
a proper taxonomy of human grasps allows prioritizing
the hand functionalities that need to be restored with
the highest priority. Santello et al. [5] proposed an early
approach into this direction by applying Principal Component Analysis (PCA) to digit joint angles during a
significant set of hand postures. Their work, as many others that followed it [6–11], took inspiration from grasp
taxonomies in order to properly select the set of hand
movements.
Several attempts to build a complete taxonomy of hand
grasps were published in the scientific literature during
the last 30 years. However, all of the presented taxonomies
were based on qualitative approaches and qualitative justifications. Most of the taxonomies of hand movements
include a division between power and precision tasks.
This idea was originally proposed by Napier et al. in
1956 [12] and influenced most authors afterwards (e.g.
[13–16]). Cutkosky [16] organized 16 hand grasps into a
hierarchical tree according to the adaptability required by
small-batch tasks. The grasps were characterized using
several qualitative measures (such as compliance, connectivity, grasp isotropy, resistance and other parameters)
and they were split into power and precision tasks. Feix
et al. [17] compared several previous taxonomies of hand
grasps and created a taxonomy of hand grasps that they
called the GRASP taxonomy. This taxonomy is organized in a matrix, with the grasps divided into several
columns and in two rows according to four main parameters including power type, opposition type, position of
the thumb and virtual finger assignments. Starting from
Feix’s work, Wolf et al. [18] considered composed tasks
in order to evaluate the micro-gestures that can be performed alongside the main grasp. More recently, Bullock
et al. [19] decomposed manipulation tasks into simpler
movements with an object-centric, environment-centric
and hand-centric perspective. This taxonomy provides a
structured way to classify 15 simple movements, where
basic movements can be composed in order to build more
complex movements.
Qualitative methods can provide useful perspectives of
nature. However, quantitative measurements are strongly
related to the scientific method and to the concept of science itself. Quantitative methods provide practical control
over the subject studied, they make possible a formulation
of principles that are capable of unambiguous confirmation or refutation (depending on experiments and measurements) possible and therefore very few investigations
can be carried out without them [20].
A quantitative taxonomy of hand movements can therefore reduce ambiguity in the field, but it requires the
measurement of specific biomedical data. Several parameters can be used to quantitatively characterize hand
grasps, such as posture, muscular activity and force.
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Kinematic data are usually measured with two main techniques: visual or wearable systems. Visual systems can
be affected by visual occlusion in the recording of hand
grasps and the procedure to place the visual markers can
be time consuming. Data gloves are a common alternative that is sufficiently precise [21] and extremely easy
to record. Thus, they are suitable for studies involving
many subjects. The joint angles were previously used
as features in order to compare model estimations with
real position measurements [22, 23]. In the comparison of movements, synthesis functions are often applied
to represent the entire motion with fewer data. For
instance, Finger Aperture Indexes (FAIs) were used to
represent long finger opening starting from joint angles
collected by a Motion Capture (MoCap) system composed of nine infrared cameras and 17 retro-reflective
hemispheric markers [24]. Normalized geometric distances were used as features for representing hand
gestures [25].
Muscular data can be measured with Surface Electromyography (sEMG). The sEMG signal can be modeled
as a superimposition of the Motor Unit Action Potentials (MUAPs) of the active Motor Units (MUs) [26, 27].
The MU recruitment and firing frequency are the major
factors for both Electromyography (EMG) amplitude and
force exerted by the muscle [27, 28]. Thus, a qualitative relation between the sEMG signal amplitude and
the force exerted by the muscle can be noticed [28].
Signal features based on sEMG signal amplitude can
reveal the hand movement patterns based on the sEMG
amplitude-force relation in both intact subjects [29] and
hand amputees [30]. Muscle activation patterns can differ
strongly between intact and transradial amputees, particularly in relation to clinical parameters such as phantom
limb sensation intensity, remaining forearm percentage
and time since the amputation [30]. This result leads to
the fact that signal acquisition controls trained on intact
subjects may not be valid for amputees [31]. Other parameters may be interesting but in this work we focus on
kinematics and muscular activity because we mainly target the posture of the hands but also due to practical data
availability.
This paper presents the first quantitative taxonomy
of hand movements. The relative variations between
joint bending angles (measured with a data glove) allow
a quantitative characterization of the hand movement
kinematics. The sEMG signals allow a functional analysis of the muscles involved in each grasp. The taxonomy
is organized in a hierarchical structure and it is based on
a signal feature extraction procedure that is common in
sEMG literature.
The problem of computing phylogenetic trees with
a hierarchical structure is common in biology. Phylogenetic trees represent the evolutionary relationships
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among sets of organisms or groups of organisms, representing the ancient idea of a “Tree of Life”. From
a phylogenetic point of view, phylogenetic trees are
nothing else than a particular kind of family tree.
The tree structure groups organisms with unique and
shared characters. The more the considered characters
are similar the higher the possibility that two subjects
belongs to the same group. The more the characters are
diverse, the longer the distance between the individuals.
If phylogenetics looks for common genetic characters
among a group of organisms, then in our case, we are
aiming to detect similar features in a set of grasps. In
the former, the same parent node in the tree indicates
the presence of a shared ancestor, in the latter being part
of the same subtree strongly suggests a common underling behavior. We analyze the movements performed by
40 intact subjects to extract the common underlying patterns that characterize each grasp. We create hierarchical
trees for each subject individually and subsequently merge
them into supertrees to obtain a generalized taxonomy.
The problem of merging phylogenetic trees into a single
structure emerges often in biology, where this procedure
is commonly used to compute a branching history of
species. Many practical approaches have been proposed
in the literature for fusing information from several trees
or for mixing trees in a common structure. Kluge proposed the “total evidence” approach, which claims that
the phylogenetic analysis should consider all the available
information [32]. The examples proposed in the physiological context consider the fusion of different trees to
build legit representations of all the available information, even on very different data. Hinchliff et al. [33]
proposed to assemble trees from several features into a
comprehensive global reference taxonomy with an efficient and automated process to reunite all phylogenetic
relationships to common lineages (“Tree of Life”). Some
recent articles proposed to create hierarchies by means
of agnostic autonomous approaches like Deep Neural
Networks (DNNs). In [34], authors used a max-pooling
approach to shrink the representations of higher layers
so that their model can perform hierarchical inference
of object parts over full-size image. Farabet et al. [35]
proposed a method to automatically represent a scene
by starting from a family or a tree of oversegmentations.
Szalkai and Grolmusz [36] on the other hand developed
a web algorithm able to classify biological sequences into
a hierarchical structure. In our specific case, we transferred these concepts to a completely different context
but with a similar goal. We aim at computing a global
taxonomy of hand movements starting from several
highly specific taxonomies. The quantitative approach
ensures a repeatable non-subjective perspective of this
taxonomy, thus making it a reference for several scientific
fields.
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Methods
This section describes how kinematic and sEMG data
were recorded and analyzed to create a quantitative taxonomy of hand movements. The data analysis procedure can be summarized as data acquisition
(“Data acquisition” subsection), signal feature extraction
(“sEMG and data glove signal processing” subsections),
creation of the hierarchical trees (“Hierarchical trees”
subsection) and fusion of the trees into super-trees
(“Computation of the muscular, kinematic and general
quantitative taxonomies: hierarchical super-trees” subsection), a procedure coming from genetics studies and
leading to the general quantitative taxonomy of hand
movements.
Data acquisition

The used dataset is the second Ninapro dataset, including 40 intact subjects (28 males, 12 females; 36 right
handed, 4 left handed; age 29.9 ± 3.9 years). The Ninapro
database1 [29, 37], is a publicly available resource aiming
at improving the control of robotic hand prostheses. The
data comprise 50 hand and wrist movements, including
basic motions (e.g. flexion, extension) as well as 20 grasps.
Acquisition setup

The acquisition setup includes a data glove and a set
of surface electromyographic electrodes with built-in
accelerometer. Hand kinematics were measured using a
22-sensor CyberGlove II (CyberGlove Systems LLC 2 ),
providing data proportional to joint angles, sampled at
slightly less than 25 Hz. Muscular activity was measured
using a Delsys Trigno Wireless system. The sEMG electrodes are double-differential and measure the myoelectric signals at 2 kHz with a baseline noise of less than
750 nV RMS. The sEMG electrodes were placed using the
hypo-allergenic Trigno Adhesive Skin Interfaces. Prior to
electrode placement the skin was cleaned with isopropyl
alcohol.
A hand movement is the result of an activation pattern
potentially involving several muscles controlling hand and
wrist. Therefore, in order to identify the hand movement
from the sEMG signal by means of pattern recognition
methods, the electrodes were placed around the subject’s
forearm combining a precise anatomical positioning strategy [28] with a dense sampling approach [38, 39]. An array
of eight sEMG electrodes was applied at the height of the
radio-humeral joint. The electrodes were equally spaced,
creating an array covering the whole circumference of
the forearm. Four electrodes were placed on the main
activity spots of four specific muscles: the flexor digitorum superficialis, the extensor digitorum superficialis, the
biceps brachii and the triceps brachii (Fig. 1). The aforementioned strategy is widely used in the prosthetic field. It
was shown that, in terms of pattern recognition accuracy
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Fig. 1 Experimental setup. Acquisition setup and sEMG electrode position

for hand movement identification, the electrode position
is not a crucial aspect as long as a sufficient number of
channels is provided [40, 41].
Acquisition protocol

During the data acquisitions, the subjects were sitting with
the arms positioned in a relaxed way on a desktop. A
laptop computer was used to show them the videos representing the movements to be performed and to record
the data from the sensors. The subjects were asked to synchronously mimic the movements with their right hand.
Each subject performed 6 repetitions of 49 movements
plus rest. Each movement repetition lasted 5 s, alternated
with 3 s of rest. Several precautions were taken in order
to encourage a natural and spontaneous execution of the
grasp. First, the subjects were instructed to perform the
grasp movement as naturally as possible, without lifting
the objects or exerting unnatural grip force. The movements were not randomized and the objects to be grasped
were positioned as closely as possible to the hand of the
subject. The latter also helped in minimizing the time
of the reaching and releasing phases. The hand movements were selected from the hand taxonomy, robotics,
and rehabilitation literature (e.g., [1, 14, 17, 42]) according
to Activity of Daily Living (ADL) requirements. Everyday
objects that can easily be found in daily life tasks were used
in the experiment.
sEMG and data glove signal processing

In order to allow the creation of the sEMG based quantitative taxonomy, pre-processing and feature extraction were

performed. First, data preprocessing was performed to
assure good data quality. This phase included filtering and
synchronization. Second, the information of the sEMG
signals was made usable by extracting a set of signal features using a moving window technique [43, 44]. Finally,
the signal features were used as input data to compute the
hand movement taxonomies.
The CyberGlove data were analyzed with a procedure
that takes inspiration from window based time series analysis and in particular from the literature in EMG data
analysis [29, 43]. The procedure includes synchronization
and feature extraction.
Filtering

The Delsys electrodes are not shielded against power line
interference, so the power line interference was removed
using an Hampel filter at 50 Hz [45].
Synchronization

A high-resolution timestamp based on the Time Stamp
Counter (TSC) of the CPU was assigned to each sample recorded for both the sEMG and joint angle data.
The timestamp was used in the post-processing phase
to synchronize the devices. To do so, all the modalities
were up-sampled at the sampling frequency of the fastest
device (2 kHz) using linear-interpolation. This is a wellknown technique to increase resolution, avoid aliasing,
and reduce noise [46]. Interpolation is particularly useful
when the data collected with low frequency (kinematics)
is considerably smoother than the data at high frequency
(sEMG).
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Feature extraction

Signal feature extraction was performed applying the
method described by Englehart et al. [43]. Each movement repetition was windowed using a 200 ms window, with 100 ms of overlap. As described in scientific
literature, diverse signal features highlight different signal
properties, leading for instance to varying classification
performance (e.g. [29]). In order to make the taxonomy
robust to differences between features, a selection of five
time domain signal features was extracted on each time
window.
The features were chosen according to use in the previous literature and include Root Mean Square (RMS),
Mean Absolute Value (MAV), Integrated Absolute Value
(IAV), Time Domain Statistics (TD) [44] and Waveform
Length (WL) [43, 47–52]. The Time Domain Statistics
(TD) are composed of: Mean Absolute Value (MAV),
Mean Absolute Value Slope (MAVS), Zero Crossings
(ZC), Slope Sign Changes (SSC) and Waveform Length
(WL) [44]. Each feature was extracted from each signal x
on each time window w of T samples in length.
Root Mean Square (RMS) is arguably one of the most
common features to represent sEMG signals. RMS provides a useful measurement of signal amplitude and, under
ideal conditions, it has a quasi-linear relationship with the
force exerted by a muscle [28]. The RMS feature for a
given time window w was obtained as


T
1 
RMSw (x) = 
x2t ;
T
t=1

where xt is the t th sample in the window w.
The Mean Absolute Value (MAV) and the Integrated
Absolute Value (IAV)3 are also popular features in sEMG
signal analysis and for a given time window w they are
defined as [44, 53]:
MAV w (x) =

T
1 
|xt |
T

IAV w (x) =

t=1

T


|xt |

t=1

The Mean Absolute Value Slope (MAVS) is defined as
the difference between the MAV value of two adjacent
time windows, w and w + 1 [44]:
MAVSw (x) = MAV w+1 (x) − MAV w (x)
The Zero Crossings (ZC) [44] feature gives an indication
about the frequency of the signal by counting how many
times the signal crosses zero. The ZC of a signal x in a
given window w, ZC w (x), is increased by one if, given two
consecutive samples xt and xt+1 , {xt > 0 and xt+1 < 0} or
{xt < 0 and xt+1 > 0} and |xt − xt+1 | ≥ threshold.
Another feature related to the frequency of the signal is
the Slope Sign Changes (SSC) [44] which is defined as the
number of times the sign of the slope changes. The SSC of
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a signal x in a given window w, SSC w (x), is incremented
if, given three consecutive samples xt−1 , xt and xt+1 , {xt >
xt−1 and xt > xt+1 } or {xt < xt−1 and xt < xt+1 } and
{|xt − xt+1 | ≥ threshold or |xt − xt−1 | ≥ threshold}.
Waveform Length (WL) returns a single parameter providing a measure of the waveform complexity and given a
time window w it is defined as [44]:

WLw (x) =

T


|xt − xt−1 |

t=2

Hierarchical trees

The quantitative taxonomy of hand movements is based
on a hierarchical structure in order to highlight dependencies and relationships between the different motions.
For each subject, one hierarchical tree was computed for
each modality-feature combination, thus leading to five
hierarchical trees for the EMG data and five trees for
the kinematic data. We adopted this approach instead of
building only one large hierarchical tree containing all the
subjects in order to achieve a higher control of intermediate results and to be able to check the similarity across
subjects. For each subject modality-feature combination,
the hierarchical trees were computed by performing oneway Multivariate Analysis of Variance (MANOVA) [54]
between the hand movements. This procedure allows us
to test our hypothesis for all the movements at once to
measure how much a grasp is correlated to the others.
Therefore, MANOVA can provide a measure of similarity between the grasps that were considered in the
study. Moreover, MANOVA is a standard, well accepted
means of performing multivariate analysis. The signal
features were grouped by movement and the means of
the collected measures were compared by computing the
Mahalanobis distance [55]. It is multi-dimensional, unitless, and scale-invariant. The Mahalanobis distance takes
into account the correlations coming from the MANOVA
procedure to measure how distant a specific movement
is from the distribution (the whole set of grasps) in
terms of standard deviations. The distances between the
movements were then used as a basis to build the dendrograms. The dendrograms were initially represented
as binary trees composed of clusters of two movements
combined depending on the distance. We followed a hierarchical agglomerative clustering or bottom-up approach.
By doing so, we treated each movement as a singleton cluster and then agglomerate pairs of clusters until
all clusters are merged into a unique tree containing all
grasps. The initial set of grasps was based on previous
knowledge so it almost naturally implied the use of hierarchical agglomerative clustering. On the contrary using
a divisive (or top-down) approach could have lead us to
a different final number of grasps not corresponding to
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the initial set that was available. Subsequently, the dendrograms were converted into phylogenetic trees that are
unordered rooted trees with unweighted edges, with the
characteristic of having all the leaves at the same distance from the root. Part of the information contained
in the dendrograms is lost when using unweighted edges.
This is due to a limitations of the merging algorithm
(“Computation of the muscular, kinematic and general
quantitative taxonomies: hierarchical super-trees” subsection) that is not currently able to manage such information. Using a weighted structure may provide more
accurate results than the current work, thus we are working on an improved version of the merging procedure.
Nevertheless, an approach based on unweighted trees is
important to have a proper understanding of the general
methodology since this is the first attempt to obtain a
quantitative taxonomy of hand grasps.
Computation of the muscular, kinematic and general
quantitative taxonomies: hierarchical super-trees

The capability to merge several highly specific trees is
the key idea in obtaining a unique hierarchical structure. This part of the data analysis is fundamental,
since it allows us to create a general and global quantitative taxonomy that takes into account inter- and
intra-subject variability. Inter-subject variability is due
to the highly specific way in which each person performs hand movements. Intra-subject variability is due
to the small differences between repetitions of the same
movement by the same subject. Despite the inter- and
intra- subject variability, each hand movement has common underlying kinematic and muscular patterns that
can be extracted by analyzing several repetitions of the
same movement performed by different subjects. The
variability between subjects can be measured as edit distance, that is the minimal-cost sequence of node edit
operations that transforms one tree into another [56, 57]
(more details in “Supertree similarity measurements”
subsection). The common characteristics emerged in a
preliminary study [58], where we focused on the taxonomies built on specific subjects (average edit distance
of 4.312) and for specific features (average edit distance of
3.548), excluding the generalization phase. More detailed
information about these results is reported in Tables 1
and 2, it is worth to notice that we considered the weighted

Page 6 of 17

dendrograms for computing edit distances displayed in
both tables. Starting from the initial results, in this paper
we aim at expanding and enriching the knowledge in the
field by merging several features in order to develop a
unique and general taxonomy. Considering 40 subjects
and 6 repetitions for each subject results in 240 repetitions
of each movement, which is a sample large enough to create the taxonomy with the procedure described in this
section. The procedure to compute the taxonomies of
hand movements starts from the subject-specific hierarchical modality-feature trees and includes several phases.
First, subject-independent hierarchical modality-feature
trees are computed. Second, the general kinematic and
muscular taxonomies of hand movements are computed. Third, a general taxonomy of hand movements is
computed.
As said in the previous section, one hierarchical tree
is computed for each subject and for each combination
of modality-feature, thus leading to five hierarchical trees
for the EMG data and five trees for the kinematic data.
For each modality and for each feature, a supertree is
computed by combining the data of all the 40 subjects,
leading to a subject-independent hierarchical modalityfeature tree. The procedure used to merge the hierarchical trees is based on the Subtree Prune-and-Regraft
(SPR) distance [59]. The calculation of the SPR distance
is computationally expensive. Thus, the algorithm combines the Maximum Agreement Forests (MAFs) approach
and clustering to make the construction of the SPRbased supertree feasible. Clustering reduces the complexity of the input trees into sub-problems that can be
solved recursively. The algorithm solves the MAF problem between a pair of rooted trees by recursively exploring
all edge-cutting possibilities. The supertree is built in two
phases: the construction of an initial SPR supertree and
the SPR rearrangement. The final supertree is a binary
rooted tree constructed iteratively by minimizing the SPR
distance. This approach was demonstrated to be better
than other common distance criteria on biological data
sets [59]. Merging the subject-independent hierarchical
modality-feature trees of the same modality leads to two
modality supertrees: the first one representing the quantitative kinematic taxonomy of hand movements (obtained
by merging all the Cyberglove feature trees); the second
one representing the quantitative muscular taxonomy of

Table 1 Inter-subject variability in grasps across the different quantitative metrics expressed as edit distance
Muscular

Kinematic

IAV EMG

MAV EMG

RMS EMG

TD EMG

WL EMG

4.60± 1.68

4.60± 1.68

4.05± 1.24

4.36± 1.48

4.51± 1.60

IAV glove

MAV glove

RMS glove

TD glove

WL glove

4.04± 1.45

4.04± 1.45

4.04± 1.45

3.95± 1.59

3.84± 1.28

Rows represent the different modalities while columns represent modality features
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Table 2 Intra-subject variability in grasps across the different
quantitative metrics expressed as edit distance
Muscular

Kinematic

Subject 1

4.00 ±2.65

1.44 ±1.33

Subject 2

2.48 ±1.75

1.28 ±1.87

Subject 3

0.96 ±1.00

2.40 ±2.59

Subject 4

2.08 ±1.44

0.96 ±1.40

Subject 5

3.04 ±2.05

1.60 ±2.33

Subject 6

3.84 ±2.49

1.44 ±1.65

Subject 7

2.96 ±2.14

1.20 ±1.30

Subject 8

2.24 ±2.03

1.76 ±2.10

Subject 9

4.32 ±2.78

0.64 ±0.93

Subject 10

3.12 ±2.14

1.28 ±1.43

Subject 11

2.80 ±2.10

0.96 ±1.40

Subject 12

0.32 ±0.47

2.24 ±1.99

Subject 13

2.48 ±2.08

1.60 ±1.26

Subject 14

3.12 ±2.07

0.64 ±0.93

Subject 15

2.72 ±1.87

1.92 ±1.74

Subject 16

3.36 ±2.31

1.60 ±1.88

Subject 17

2.16 ±1.67

1.76 ±1.73

Subject 18

2.96 ±1.91

1.28 ±1.87

Subject 19

1.44 ±1.33

0.96 ±1.40

Subject 20

2.32 ±1.64

1.28 ±1.87

Subject 21

2.72 ±1.95

2.00 ±1.81

Subject 22

2.24 ±1.63

2.56 ±2.30

Subject 23

2.32 ±1.59

2.56 ±2.30

Subject 24

1.92 ±1.32

1.68 ±1.49

Subject 25

2.96 ±1.87

0.96 ±1.40

Subject 26

3.52 ±2.28

1.28 ±1.87

Subject 27

2.80 ±1.90

1.04 ±0.96

Subject 28

3.12 ±1.99

0.64 ±0.93

Subject 29

3.28 ±2.41

2.24 ±1.99

Subject 30

3.68 ±2.78

1.60 ±2.33

Subject 31

2.72 ±2.43

2.40 ±2.30

Subject 32

1.84 ±1.51

0.64 ±0.62

Subject 33

3.28 ±2.20

1.04 ±0.96

Subject 34

2.00 ±1.36

1.28 ±1.87

Subject 35

2.48 ±1.75

1.92 ±2.80

Subject 36

2.56 ±2.30

0.96 ±1.40

Subject 37

0.32 ±0.47

1.28 ±1.87

Subject 38

2.56 ±1.70

2.08 ±2.15

Subject 39

2.24 ±1.58

1.28 ±1.87

Subject 40

3.36 ±2.57

2.16 ±2.27

Rows represent subjects while columns represent the different modalities
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hand movements (obtained by merging all EMG feature
trees).
Finally, the quantitative muscular and the kinematic
taxonomies of hand movements were merged into the
general quantitative taxonomy of hand movements. While
the EMG tree gives a vision of muscular involvement in
the movement and the kinematic tree shows the actual
physiological movement performed by the subject, mixing
the two allows a general analysis of the movement from
both the muscular and the kinematic perspective.
Supertree similarity measurements

Evaluating the similarity between the quantitative muscular and the kinematic taxonomies of hand movements can
yield fruitful insight, particularly to measure whether the
two agree or not. While a reasonable agreement between
the two taxonomies may enforce their representativeness,
a strong disagreement may lead to a limited acceptability. Intermediate situations can be interesting to highlight
differences in the data acquisition modalities or highlight differences between the muscular activation and the
actual performed movement. The tree edit distance is
frequently used in the comparison of hierarchical trees
[56, 57]. The measure is computed as the minimal-cost
sequence of node edit operations that transforms one tree
into another. The algorithm used to compute the tree edit
distance was originally proposed by Pawlik and Augsten
[56, 57]. It includes three possible edit operations: delete a
node, insert a node and rename the label of a node. A cost
was assigned to each edit operation. The cost of an edit
sequence is the sum of the costs of its edit operations. The
tree edit distance is the sequence with the minimal cost.

Results
This work presents a quantitative taxonomy of hand
grasps based on muscular and kinematic data, described
in detail in “General quantitative taxonomy of hand grasps
based on muscular and kinematic data” subsection. The
general taxonomy is computed by merging the sEMG and
kinematic taxonomies of hand grasps (that are described
in detail in “Muscular and kinematic taxonomies of hand
grasps” subsection) and it is compared in “Comparison
with the GRASP taxonomy” subsection with a qualitative
taxonomy of hand grasps that merges most of previous
results described in literature.
Muscular and kinematic taxonomies of hand grasps

The quantitative hand movement taxonomies based on
EMG (Fig. 2a) and kinematic data (Fig. 2b) are in agreement and provide a similar representation of the hierarchical organization of hand movements. This result
is confirmed by the edit distance between the two
supertrees, which is 33 (a value within the range of
the distances computed for hierarchical trees obtained

Stival et al. Journal of NeuroEngineering and Rehabilitation

(2019) 16:28

Page 8 of 17

Fig. 2 Modality specific quantitative taxonomies of hand grasps. a Muscular taxonomy computed from EMG data and (b) kinematic taxonomy
computed from kinematic data recorded using the CyberGlove. The taxonomies are similar (edit distance = 33)

in a specific modality by using different features). This
fact enforces the validity of both taxonomies, that were
computed using sensors measuring different parameters
related to hand movements. The groups of movements
defined in the two modality-specific taxonomies are often
similar. For instance, the large diameter and medium wrap
grasps are linked at the first level in both the EMG and
the kinematic taxonomy. The same happens for several
other groups of movements, such as the small diameter
and fixed hook grasps, the prismatic pinch and tip pinch
grasps. Other movements change from first level connections in one tree to second level connections in the other.

This is the case, for instance, of parallel extension and
the lateral grasp, prismatic four fingers and writing tripod,
precision sphere and tripod. An interesting change happens considering the power sphere, precision sphere, tripod
and three finger grasps. These grasps are strongly linked
(i.e. they are very similar) considering the kinematic taxonomy. In the EMG taxonomy the precision sphere and
the tripod grasps are closer to the quadpod movement,
while power sphere and three finger grasps are closer to
the prismatic pinch and tip pinch grasps. Few movements
change the grasp group depending on the considered taxonomy. This is the case of the power disk, the index finger
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extension and the parallel extension grasp. The power disk
is grouped with the prismatic four fingers, the writing tripod and the stick grasp in the EMG based taxonomy.
On the other hand, only in the penultimate level in the
kinematic taxonomy is linked to them. The index finger
extension grasp is isolated in both trees. In the EMG tree,
this grasp is in a single branch, close to the majority of
graspings but linked at the higher level to the grasp group
including the parallel extension, lateral and the extension
type grasps. In the CyberGlove tree on the other hand, it is
completely isolated from the others movements. A strong
difference between the two taxonomies occurs for the parallel extension grasp. In the EMG tree, the grasp is isolated
from the other movements but grouped with the lateral
and the extension type grasps. In the kinematic taxonomy
it is close to the prismatc four fingers and the writing tripod
grasp. There are two possible reasons to explain this difference. First, the EMG taxonomy considers the activation
of wrist flexors/extensors, while the taxonomy based on
the data glove does not consider them. The EMG signals
measure all the muscular activity in the forearm, including
the activity related to wrist movements while the Cyber
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Glove on the other hand is sensitive only to finger movements. Second, the difference can be due to variations in
the force used to accomplish the movements, since the
EMG signals are sensitive to it. In any case, except these
few situations, the differences between the EMG and the
kinematic taxonomy of hand movements are limited, confirming the validity of the proposed approaches and thus
the validity of both taxonomies.
As previously said, the final EMG and glove taxonomies
are assembled from supertrees built from single features.
We measured how much the grasps are similar one to each
other by using MANOVA starting from those features.
The comparison involved the same features for different
movements, so we computed a metric able to cope with
the entire distribution in a multi-dimensional space as
described in “Hierarchical trees” subsection. Mahalanobis
distances were computed for all features, and for each
modality, we averaged them to obtain a unique value representing how close a movement is to another. In order to
provide an intuitive way to show similarity between EMG
and glove information, we built two distance matrices, one
for the muscular (Fig. 3) and one for the kinematic (Fig. 4)

Fig. 3 Muscular distance matrix. Distance matrix computed as the mean Mahalanobis distance between the considered grasps, using the available
features computed on the EMG data
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Fig. 4 Kinematic distance matrix. Distance matrix computed as the mean Mahalanobis distance between the considered grasps, using the available
features computed on the CyberGlove data

data. The two matrices show several similarities and, in
general, they confirm the considerations derived from the
respective supertrees. For example, the index finger extension is clearly distant from all the other movements, while
small diameter, fixed hook, large diameter, and medium
wrap are very similar grasps. As a further prove to sustain the idea of merging trees built from different sensors,
Table 3 represents the edit distance between the modalityspecific taxonomies and the supertrees built on each
modality for each specific feature. Considering the EMG
data, the IAV and the MAV based taxonomy are the most
similar to the muscular taxonomy (edit distance = 22).
The edit distance between the IAV and the MAV taxonomies is 0. The most different tree is the one based on
WL (edit distance = 39). Considering the kinematic data,
the RMS based taxonomy is identical to the kinematic taxonomy (edit distance = 0), while the TD tree is the most
different.

taxonomies and offers a general and comprehensive
description of hand movement similarities, thus overcoming the subjectivity of previous qualitative taxonomies
as well as the limitations of the muscular and the kinematic taxonomies presented in “Muscular and kinematic
taxonomies of hand grasps” subsection. The general
taxonomy of hand grasps is slightly closer to the EMG taxonomy (edit distance = 29) than to the kinematic taxonomy (edit distance = 42). Coherently, the supersupertree
has more connections in common with the EMG one.
The general quantitative taxonomy of hand grasps
presents a division into five categories that correspond to
real finger positioning and muscular activation, reflecting the shape of the grasped object and balanced

Table 3 Edit distance between the modality-specific taxonomies
of hand grasps and each modality feature supertree
IAV EMG

MAV EMG

RMS EMG

TD EMG

WL EMG

22

22

34

24

39

General quantitative taxonomy of hand grasps based on
muscular and kinematic data

Muscular Tax.

The general quantitative taxonomy of hand grasps (Fig. 5)
is computed by merging the muscular and the kinematic

Kinematic Tax. 19

IAV glove MAV glove RMS glove TD glove WL glove
31

0

34

26
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Fig. 5 General quantitative taxonomy of hand grasps, obtained by muscular and kinematic data. The parallel extension grasp is not part of group 1
but it may be considered as related to it because of the similarity with the extension grasp and its positioning in the muscular taxonomy
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combinations of parameters rather than the force used
or other specific single parameters. The categories were
named as follows according to specific properties of each
group: 1) flat grasps; 2) distal grasps; 3) cylindrical
grasps; 4) spherical grasps; 5) ring grasps. Flat grasps
are well separated from all the others and are characterized by an elongated (or "cupped") positioning of the
palm with an abducted or adducted thumb. Parallel extension can be added to this group considering its similarity
with the extension grasp and that the grasp is included
in the same group in the quantitative muscular taxonomy
of hand grasps. Distal grasps are usually characterized
by the strong involvement of distal phalanxes, thus of the
flexor digitalis profundus. Cylindrical grasps are strongly
linked to the shape of the object. They usually involve
palm opposition with both adducted or abducted thumb
and virtual fingers 2-5. Spherical grasps are strongly
linked to the shape of the object as well. They involve
both pad and palm opposition with virtual fingers 2-3, 24 and 2-5. Ring grasps are almost entirely in accordance
with the GRASP’s taxonomy grasps with virtual fingers 2.
This category includes as well the three finger sphere grasp,
which is the only power, pad opposition grasp with virtual fingers 2-3 in the GRASP taxonomy. The three finger
sphere grasp is grouped differently within the muscular
and the kinematic taxonomy. These facts suggest that in
static conditions the middle finger may have an accessory
function in the grasp.
Cylindrical and spherical grasps can also be grouped
into a macro-sub group at the third level. Qualitative
comparison of the results with the kinematic hand grasping synergies [5] highlights an overall similarity between
the cylindrical grasps and the first synergy obtained by
Santello et al. (closure of finger aperture achieved by flexion
at the pip joints of the fingers and thumb adduction and
internal rotation) and between the spherical grasps and
the second synergy (flexion at the mcp joint and adduction
of the fingers).
The main differences between the general and the muscular taxonomies concern the grasps targeting spherical
objects. In the general taxonomy, the power sphere, the
precision sphere and tripod grasps are grouped together,
similarly to what happens in the kinematic one. The three
finger sphere is closer to prismatic pinch, tip pinch and ring
grasp. Similarly to the kinematic taxonomy, the extension
type, lateral and quadpod grasps are grouped separately
from all the other movements.
Two more important differences between the general
taxonomy and the modality-specific ones are related
to two movements that have different connections in
EMG and glove trees: parallel extension and index finger
extension. The parallel extension grasp is grouped with the
lateral and extension grasp in the EMG taxonomy, while
it is grouped with the prismatic four fingers and the writing
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tripod grasp in the kinematic taxonomy. In the general
taxonomy, the parallel extension grasp is located alone in
its own branch, separated from almost any other grasp
and separated from the extension, lateral and quadpod
grasp. The index finger extension grasp is represented as
completely separated from the others in the kinematic taxonomy. In the EMG and in the general taxonomy of hand
movements on the other hand, the grasp is still quite isolated but it is grouped with classical grasps (such as the
stick, medium wrap grasp) at a very high level.
As previously mentioned, the differences between the
muscular and the kinematic taxonomies are due to the
properties of the movements that the different sensors
can highlight. Thus, the general taxonomy of hand grasps
provides a unified and general description of all of them.
Comparison with the GRASP taxonomy

Comparing the general quantitative taxonomy of hand
grasps with previous taxonomies allows evaluating the
considerations used to create the previous taxonomies
and to better interpret the results of this paper. Among
the taxonomies presented so far, the GRASP taxonomy
[17] is a a well accepted taxonomy that represents most
of the previous studies and includes all the movements
considered in this paper. The authors divided the grasps
into groups according to four main parameters: 1) power
type; 2) opposition type (i.e. the direction in which the
hand applies force on the object); 3) thumb position and
4) virtual finger assignments.
The quantitative taxonomy of hand grasps is partially
similar to the GRASP taxonomy considering the subgroups determined by the intersection of the GRASP
parameters. However, it differs in the fact that the parameters considered in the GRASP taxonomy are differently
(and only partially) represented by the quantitative taxonomy (Fig. 6).
GRASP taxonomy parameters

The subdivision according to power type (power, intermediate or precision grasps) that strongly influenced the
scientific literature in the past is not well supported by
the general and modality-specific quantitative taxonomies
of hand movements (power, intermediate and precision
grasps are usually divided between the five groups presented in this paper). This result is also confirmed considering only the quantitative muscular and kinematic
taxonomies, that are more similar to the general quantitative taxonomy. The subdivision according to opposition
type (pad opposition, palm opposition or side opposition)
is partially supported by the general quantitative taxonomy of hand grasps (palm and pad grasps are in most
cases well divided). The subdivision according to thumb
position (thumb abducted or adducted) is not well supported by the general taxonomy of hand grasps, even if the
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Fig. 6 Taxonomy comparison. Comparison of the general quantitative taxonomy of hand grasps with the GRASP taxonomy

index finger extension grasp is constantly well separated
from all the other grasps and the lateral and parallel
extension grasp are grouped. The subdivision according
to virtual finger assignments is well supported by the
general quantitative taxonomy of hand grasps. The index
finger extension grasp is constantly well separated from
the other grasps, coherently with the fact that it is the
only grasp with virtual fingers 3-5 in the GRASP taxonomy. The general quantitative taxonomy category "ring
grasps" is almost entirely in accordance with the GRASP
taxonomy groups having virtual finger 2. This category
includes as well the three finger sphere grasp, which is the
only power, pad opposition grasp with virtual fingers 2-3
in the GRASP taxonomy. Two grasps of the virtual finger
2-4 category in the GRASP taxonomy (extension type and
quadpod) are grouped in the category “flat grasps” of the
general quantitative taxonomy. However, grasps that are
grouped with virtual fingers 3, 2-3 and 2-5 are often mixed
within the general quantitative taxonomy of hand grasps.
Sub-groups determined by the intersection of the GRASP
taxonomy parameters

The thumb-abducted, palm opposition, power grasps of
the GRASP taxonomy are grouped together in the general quantitative taxonomy (the only differences are for
the power disk and the power sphere, that are separated
in the general quantitative taxonomy). Coherently with

the GRASP taxonomy, the fixed hook is grouped at the
second level with the thumb abducted palm opposition
power grasps. The index finger extension grasp is separated from almost all the others, somehow corresponding
to the GRASP taxonomy, in which this movement is alone
in the power palm thumb adducted group having virtual
fingers 3-5.
Coherently with the GRASP taxonomy, the ring and the
sphere three finger grasps are grouped in the quantitative
taxonomy. However, these grasps are grouped with the
prismatic (palmar) pinch and the tip pinch, which previously were represented as part of the precision grasps. In
the GRASP taxonomy, the thumb-adducted, side opposition, intermediate grasps include the lateral and stick
grasps. These two grasps are not grouped in the general
quantitative taxonomy of hand grasps. In fact, the lateral
grasp is grouped with the extension type and the quadpod grasp. The stick grasp is grouped at the second level
with the writing tripod and the prismatic four fingers and,
at the third level, with the power disk. In the quantitative taxonomy, the thumb abduction, precision group of
the GRASP taxonomy is divided into several sub-groups.
The sub-groups are often grouped (also with other movements) according to the shape of the object rather than
on the properties previously identified. The prismatic four
finger grasp is grouped with the writing tripod at the first
level, the tripod and the precision sphere are grouped at
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the second level, the prismatic (palmar) pinch and the tip
pinch are grouped at the first level. This result shows that,
on average, the shape of the object influences the positioning of the fingers and the muscular activity more than
the usefulness for power or precision tasks and opposition
type.
Finally, accordance between the general quantitative
and the GRASP taxonomy is obtained for the parallel
extension grasp, that is separated from most of the other
movements in both of them.

Discussion
This paper presents to the best of our knowledge the
first quantitative taxonomy of hand grasps based on muscular and kinematic measurements of the hand (Fig. 5).
Several taxonomies of hand grasps were presented in
scientific literature, all of which are based on rigorous
qualitative descriptions of hand movements and valuable
scientists’ intuitions. Although they are capable of highlighting intrinsically important characteristics of hand
movements, a qualitative analysis is prone to subjectivity and it does not allow a demonstrable confirmation
or refutation offered by quantitative methods [20]. The
quantitative taxonomy presented in this paper is based on
experimental measurements and statistical data analyses.
The analysis is limited to the considered data and time
domain features, that determine the organization of the
taxonomy. Further analysis (including other data and signal features, such as for instance frequency based features)
is considered in future work. Such analyses may be able to
highlight deeper or different relationships between muscular and kinematic properties of hand movements. This
paper sets the basis for such work by providing a quantitative data-driven description of the hand movements
that are divided into five main groups, as presented in
Fig. 5. The general quantitative taxonomy of hand grasps
is based on two modality specific taxonomies (based on
EMG and kinematic data Fig. 2). The results are interesting both considering the modality-specific and the general
quantitative taxonomies.
The modality-specific taxonomies provide very similar representations of the hierarchical organization of
hand movements (edit distance = 33), thus validating
each other. The similarity between the muscular and the
kinematic taxonomy confirms the existence of strong relationships between the muscular activity and the actual
motion of the hand, as expected by anatomy. Small differences between the muscular and the kinematic taxonomies exist. Such differences can be due to the differences in the techniques used to record the data. The
EMG based taxonomy considers the force exerted and
the motion of the wrist, while the taxonomy based on
the data glove does not consider these parameters. Nevertheless, these differences are in general small compared
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to the similarities and they can possibly be reduced by
considering weights when merging hierarchical trees, as
explained in “Hierarchical trees” subsection. Another possible source of difference can be related to non-linearities
existing between some joint angles in the CyberGlove
sensor output (e.g. abduction/adduction at the metacarpophalangeal joints) [60, 61]. Although this aspect can
affect the kinematic data, the kinematic taxonomies are
based on grasp similarities in the kinematic feature space
(that take into account the distribution of the data) and
not directly the joint angles, probably contributing to the
similarity with the muscular taxonomy.
Several parameters can be used to quantitatively characterize hand grasps. This work considers kinematics and
muscular activity in order to target the posture of the
hands and due to practical data availability. The consistency between the muscular and kinematic taxonomy
enforces the usefulness and reliability of the results. The
analysis of other parameters can definitely be interesting
and should be considered in follow-up work. The edit distance boundaries depend on the number of nodes (thus
on the number of considered grasps). Intuitively, the larger
the number of classes, the higher the possible number of
variations that can occur between different trees. This fact
can be one of the reasons behind the discrepancy obtained
between the modality trees. Future work should address
this fact in detail, by applying additional or alternative
operations, measures or approaches.
Depending on the domain, one specific taxonomy may
be more useful than the other. While the kinematic taxonomy may be more useful for robotics, the muscular taxonomy may be more suitable for applications in prosthetics.
Additionally, both taxonomies can have applications in
rehabilitation, physiology and neuroscience. The general
taxonomy aims at providing a solution that is intermediate
to the different fields, allowing (and hopefully fostering)
the collaboration among them on the basis of the first
set of quantitative results in this challenging domain. The
general quantitative taxonomy provides a comprehensive
quantitative representation of hand grasps, overcoming
the subjectivity of the taxonomies previously presented
in literature and the limitations of the muscular and the
kinematic taxonomies presented in this paper. The general quantitative taxonomy suggests a division into five
groups of grasps that were named after specific properties
of each group: 1) flat grasps; 2) distal grasps; 3) cylindrical
grasps; 4) spherical grasps; 5) ring grasps. Cylindric grasps
and spherical grasps can also be grouped into a macro-sub
group at the third level.
The division in categories is arbitrary, made in order to
facilitate the comparison with previous taxonomies and to
provide a further synthesis of the taxonomy. Future work
could benefit from including quantitative approaches to
perform the division in categories.
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The comparison of the general quantitative taxonomy
of hand movements with previous taxonomies is important because it allows to validate the parameters on which
the previous taxonomies were based and to better interpret the results of this paper. The GRASP taxonomy [17]
represents a proper reference for the comparison because
it is one of the most recent qualitative taxonomies of
hand grasps and because it is based on the comparison of
several previous taxonomies. The quantitative approach
only partially confirms the parameters used to create
the previous taxonomies (and thus the GRASP taxonomy), while it enforces movement groups defined on the
basis of real finger positioning and muscular activation,
reflecting often the shape of the grasped object and balanced combinations of parameters rather than specific
single qualitative parameters. The intersections of different parameters in the GRASP taxonomy are partially similar to the general quantitative taxonomy of hand grasps.
However, there are still important differences (Fig. 6).
Considering each parameter separately, some of the qualitative GRASP parameters are not well represented in
the quantitative taxonomy and some others are predominant in a few categories. In particular, the subdivision
of hand grasps according to power (which strongly influenced the scientific literature in the past), is not well
supported by the general quantitative taxonomy of hand
movements, while the subdivision into opposition and virtual finger assignments are usually better represented in
the general quantitative taxonomy (in particular for specific groups, such as ring grasps). We offer two possible
interpretations of these results. First, human intuition and
perception enrich previous taxonomies with alternative
perceptions of the grasps, such as their usual aim, that is
separated from a strictly kinematic or muscular representation of the grasps. Second, it can be important that the
parameters of previous taxonomies are considered but it
is not easy to balance and weigh the parameters in each
movement and category properly only on a qualitative
basis.
The hierarchical model of human manipulation and
grasping described in this paper improves several fields
(including robotics, prosthetics, rehabilitation and physiology) with the quantitative analysis of relationships that
were previously widely described in literature on the basis
of qualitative parameters. In robotics, the five categories
of movements defined in Fig. 5 can help to describe and
plan robotic hands according to a clear, solid and simple
modular definition of movements. Moreover, the taxonomy can provide a priori information to improve classification algorithms, as proposed in [62]. In prosthetics,
the general quantitative taxonomy can foster the development of prosthetic hands that are more suitable for
real life situations in terms of both control and mechanical design. For instance, the five categories of movements
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can be compared with the mechanical properties of the
prosthesis, as well as with the ADLs and the movements
mostly needed by hand amputees in order to develop
modular control systems based on the movement categories. In rehabilitation, the presented taxonomy of hand
grasps can improve planning with a better scheduling that
prioritizes the categories of movements that are more useful (or more realistically achievable) and thus need to be
restored earlier. In recent years, hand synergies gathered
importance in physiology, bioengineering, rehabilitation
and robotics [5]. Comparing the quantitative taxonomy of
hand movements with the hand synergies can highlight
relationships between the two. The cylindrical grasps look
qualitatively similar to the first kinematic hand grasping
synergy obtained by Santello et al. [5], characterized by the
closure of the finger aperture achieved by flexion at the
pip joints of the fingers and thumb adduction and internal
rotation. The spherical grasps look qualitatively similar to
the second kinematic hand grasping synergy (flexion at
the mcp joint and adduction of the fingers). These considerations provide a coherent relationship between the hand
synergies and the quantitative taxonomy approaches.

Conclusions
In conclusion, this work presents the first quantitative
taxonomy of hand grasps based on muscular and kinematic data. The taxonomy clarifies with a solid quantitative approach what was proposed in the field so far
based mainly on qualitative assumptions, thus unifying
the diverse perspectives presented and offering a scientific
reference for the taxonomies of hand grasps. The results
were compared with previously presented taxonomies of
hand grasps, improving them and clarifying the parameters used to define them. They appear at a first qualitative
inspection in accordance with hand synergy studies.

Endnotes
1
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3
The same mathematical expression is also known as
Integrated EMG.
Abbreviations
ADL: Activity of daily living; BIC: Bayesian information criterion; DNN: Deep
neural network; DoFs: Degree of freedoms; EMG: Electromyography; FAI:
Finger aperture index; FAIs: Finger aperture indexes; IAV: Integrated absolute
value; MAF: Maximum agreement forest; MANOVA: Multivariate analysis of
variance; MAV: Mean absolute value; MAVS: Mean absolute value slope;
MoCap: Motion capture; MU: Motor unit; MUAP: Motor unit action potential;
PCA: Principal component analysis; RMS: Root mean square; sEMG: Surface
electromyography; SPR: Subtree prune-and-regraft; SSC: Slope sign changes;
TD: Time domain statistics; TSC: Time stamp counter; WL: Waveform length;
WT: Wavelet transform; ZC: Zero crossings
Acknowledgements
The authors would like to thank all subjects participating in the NinaPro data
acquisitions.

(2019) 16:28

Page 16 of 17

Funding
This work was partially supported by the Swiss National Science Foundation
and the Hasler Foundation respectively via the Sinergia project # 160837
Megane Pro and the project ELGAR PRO. This work was partially supported by
the Department of Information Engineering (DEI) under the PhD enrolling
program and the project PHIxRL.

7.

Availability of data and materials
All data analyzed during the current study are publicly available in the NinaPro
repository, http://ninapro.hevs.ch/.

9.

Eppner C, Deimel R, Álvarez-Ruiz J, Maertens M, Brock O. Exploitation of
environmental constraints in human and robotic grasping. Int J Robot
Res. 2015;34(7):1021–38. https://doi.org/10.1177/0278364914559753.
Stival F, Michieletto S, Pagello E. Subject Independent EMG Analysis by
Using Low-Cost Hardware. In: 2018 IEEE International Conference on
Systems, Man, and Cybernetics (SMC). Piscataway: IEEE; 2018. p. 2766–2771.
https://doi.org/10.1109/SMC.2018.00472.
Patel V, Thukral P, Burns MK, Florescu I, Chandramouli R, Vinjamuri R.
Hand grasping synergies as biometrics. Front Bioeng Biotechnol.
2017;5:26.
Overduin SA, d’Avella A, Roh J, Bizzi E. Modulation of muscle synergy
recruitment in primate grasping. J Neurosci. 2008;28(4):880–92.
Prevete R, Donnarumma F, d’Avella A, Pezzulo G. Evidence for sparse
synergies in grasping actions. Sci Rep. 2018;8(1):616.
Napier JR. The prehensile movements of the human hand. Bone Joint J.
1956;38(4):902–13.
Landsmeer JMF. Power Grip and Precision Handling. Ann Rheum Dis.
1962;21(2):164–70. https://doi.org/10.1136/ard.21.2.164.
Kamakura N, Matsuo M, Ishii H, Mitsuboshi F, Miura Y. Patterns of static
prehension in normal hands. Am J Occup Ther. 1980;34(7):437–45.
https://doi.org/10.5014/ajot.34.7.437.
Skerik SK, Weiss MW, Flatt AE. Functional evaluation of congenital hand
anomalies. Am J Occup Ther Off Publ Am Occup Ther Assoc. 1971;25(2):
98–104.
Cutkosky MR. On grasp choice, grasp models, and the design of hands for
manufacturing tasks. IEEE Trans Robot Autom. 1989;5(3):269–79. https://
doi.org/10.1109/70.34763.
Feix T, Romero J, Schmiedmayer H-B, Dollar AM, Kragic D. The grasp
taxonomy of human grasp types. IEEE Trans Hum-Mach Syst. 2016;46(1):
66–77.
Wolf K, Naumann A, Rohs M, Müller J. Taxonomy of microinteractions:
Defining microgestures based on ergonomic and scenario-dependent
requirements. In: Proceedings of the 13th IFIP TC 13 International
Conference on Human-computer Interaction - Volume Part I.
INTERACT’11. Berlin: Springer-Verlag; 2011. p. 559–75. http://dl.acm.org/
citation.cfm?id=2042053.2042111.
Bullock IM, Ma RR, Dollar AM. A hand-centric classification of human and
robot dexterous manipulation. IEEE Trans Haptics. 2013;6(2):129–44.
Cohen MF. An Introduction to Logic and Scientific Method. Estate House
144 Evesham Street, Redditch, Worcestershire B97 4HP: Read Books Ltd;
2013.
Kessler GD, Hodges LF, Walker N. Evaluation of the cyberglove as a
whole-hand input device. ACM Trans Comput-Hum Interact. 1995;2(4):
263–83.
Lee S-W, Zhang X. Development and evaluation of an optimization-based
model for power-grip posture prediction. J Biomech. 2005;38(8):1591–7.
Cerveri P, De Momi E, Lopomo N, Baud-Bovy G, Barros R, Ferrigno G.
Finger kinematic modeling and real-time hand motion estimation. Ann
Biomed Eng. 2007;35(11):1989–2002.
Carpinella I, Mazzoleni P, Rabuffetti M, Thorsen R, Ferrarin M.
Experimental protocol for the kinematic analysis of the hand: definition
and repeatability. Gait Posture. 2006;23(4):445–54.
Lee Y-H, Tsai C-Y. Taiwan sign language (tsl) recognition based on 3d
data and neural networks. Expert Syst Appl. 2009;36(2):1123–8.
Farina D, Merletti R, Enoka RM. The extraction of neural strategies from
the surface EMG. J Appl Physiol. 2004;96:1486–95. https://doi.org/10.
1152/japplphysiol.01070.2003.
Farina D, Jiang N, Rehbaum H, Holobar A, Graimann B, Dietl H,
Aszmann OC. The extraction of neural information from the surface EMG
for the control of upper-limb prostheses: Emerging avenues and
challenges. IEEE Trans Neural Syst Rehabil Eng. 2014;22(4):797–809.
https://doi.org/10.1109/TNSRE.2014.2305111.
De Luca CJ. The Use of Surface Electromyography in Biomechanics. J Appl
Biomech. 1997;13:135–63.
Atzori M, Gijsberts A, Castellini C, Caputo B, Hager A-GM, Elsig S,
Giatsidis G, Bassetto F, Müller H. Electromyography data for non-invasive
naturally-controlled robotic hand prostheses. Sci Data. 2014;1:140053.
Atzori M, Gijsberts A, Castellini C, Caputo B, Hager A-GM, Simone E,
Giatsidis G, Bassetto F, Müller H. Clinical parameter effect on the
capability to control myoelectric robotic prosthetic hands. J Rehabil Res
Dev. 2016;53(3):345–58.

Stival et al. Journal of NeuroEngineering and Rehabilitation

Authors’ contributions
FS, SM, and MA designed the experiment. FS and SM performed data analysis
and interpretation, algorithms development. MA provided support and
supervision in the data processing. FS, SM, MC, HM and MA participated in
literature review and selection, literature appraisal, and manuscript writing. All
authors provided critical feedback, reviewed, edited and approved the final
version of the manuscript.
Ethics approval and consent to participate
The experiment was approved by the Ethics Commission of the state of Valais
(Switzerland), main place for data acquisition. Safety of the involved hardware
and adherence to the WMA (World Medical Association) Declaration of Helsinki
are enforced. Informed consent as well as personal and clinical data are
obtained in written form from each subject prior to the start of the experiment.
Consent for publication
Not applicable.

8.

10.
11.
12.
13.
14.

15.

16.

17.

Competing interests
The authors declare that they have no competing interests.
18.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Author details
1 Intelligent Autonomous Systems Lab (IAS-Lab), Department of Information
Engineering (DEI), University of Padova, Padova, Italy. 2 Information Systems
Institute, University of Applied Sciences Western Switzerland (HES-SO), Sierre,
Switzerland. 3 Rehabilitation Engineering Laboratory, Department of Health
Sciences and Technology, ETH Zurich, Zurich, Switzerland. 4 Now retired from
academy, and with EXiMotion Srl, Via Prima Strada, 35, Padova, Italy.
5 University of Geneva, Geneva, Switzerland.
Received: 23 July 2018 Accepted: 21 January 2019

19.
20.

21.

22.
23.

References
1. Cutkosky MR. On grasp choice, grasp models, and the design of hands for
manufacturing tasks. IEEE Trans Robot Autom. 1989;5(3):269–79.
2. Atzori M, Müller H. Control Capabilities of Myoelectric Robotic Prostheses
by Hand Amputees : A Scientific Research and Market Overview. Front
Syst Neurosci. 2015;9:162. https://doi.org/10.3389/fnsys.2015.00162.
3. Farina D, Jiang N, Rehbaum H, Holobar A, Graimann B, Dietl H,
Aszmann OC. The extraction of neural information from the surface EMG
for the control of upper-limb prostheses: Emerging avenues and
challenges. IEEE Trans Neural Syst Rehabil Eng. 2014;22(4):797–809.
https://doi.org/10.1109/TNSRE.2014.2305111.
4. Castellini C, Artemiadis P, Wininger M, Ajoudani A, Alimusaj M, Bicchi A,
Caputo B, Craelius W, Dosen S, Englehart K, et al. Proceedings of the first
workshop on peripheral machine interfaces: Going beyond traditional
surface electromyography. Front Neurorobotics. 2014;8:22.
5. Santello M, Flanders M, Soechting JF. Postural hand synergies for tool
use. J Neurosci. 1998;18(23):10105–15. http://dx.doi.org/citeulike-articleid:423192.
6. Häger-Ross C, Schieber MH. Quantifying the independence of human
finger movements: Comparisons of digits, hands, and movement
frequencies. J Neurosci. 2000;20(22):8542–50. https://doi.org/10.1523/
JNEUROSCI.20-22-08542.2000. http://www.jneurosci.org/content/20/22/
8542.full.pdf. Accessed 28 Jan 2019.

24.

25.
26.

27.

28.
29.

30.

Stival et al. Journal of NeuroEngineering and Rehabilitation

(2019) 16:28

31. Gregori V, Gijsberts A, Caputo B. Adaptive learning to speed-up control
of prosthetic hands: A few things everybody should know. 2017. arXiv
preprint arXiv:1702.08283.
32. Kluge AG. A concern for evidence and a phylogenetic hypothesis of
relationships among epicrates (boidae, serpentes). Syst Biol. 1989;38(1):7–25.
33. Hinchliff CE, Smith SA, Allman JF, Burleigh JG, Chaudhary R, Coghill LM,
Crandall KA, Deng J, Drew BT, Gazis R, Gude K, Hibbett DS, Katz LA,
Laughinghouse HD, McTavish EJ, Midford PE, Owen CL, Ree RH, Rees JA,
Soltis DE, Williams T, Cranston KA. Synthesis of phylogeny and taxonomy
into a comprehensive tree of life. Proc Natl Acad Sci. 2015;112(41):
12764–9. https://doi.org/10.1073/pnas.1423041112. http://www.pnas.
org/content/112/41/12764.full.pdf. Accessed 28 Jan 2019.
34. Lee H, Grosse R, Ranganath R, Ng AY. Convolutional deep belief
networks for scalable unsupervised learning of hierarchical
representations. In: Proceedings of the 26th Annual International
Conference on Machine Learning. ICML ’09. New York: ACM; 2009. p.
609–16. https://doi.org/10.1145/1553374.1553453.
35. Farabet C, Couprie C, Najman L, LeCun Y. Learning hierarchical features
for scene labeling. IEEE Trans Pattern Anal Mach Intell. 2013;35(8):
1915–29. https://doi.org/10.1109/TPAMI.2012.231.
36. Szalkai B, Grolmusz V. Seclaf: a webserver and deep neural network design
tool for hierarchical biological sequence classification. Bioinformatics.
2018;34(14):2487–9. https://doi.org/10.1093/bioinformatics/bty116.
37. Atzori M, Gijsberts A, Heynen S, Hager A-GM, Deriaz O, Van Der Smagt P,
Castellini C, Caputo B, Müller H. Building the Ninapro database: A
resource for the biorobotics community. In: 2012 4th IEEE RAS EMBS
International Conference on Biomedical Robotics and Biomechatronics
(BioRob). Piscataway: IEEE; 2012. p. 1258–65. https://doi.org/10.1109/
BioRob.2012.6290287.
38. Tsuji H, Ichinobe H, Ito K, Nagamachi M. Discrimination of forearm
motions from emg signals by error back propagation typed neural
network using entropy. IEEE Trans Soc Instrum Control Eng. 1993;29(10):
1213–20.
39. Fukuda O, Tsuji T, Kaneko M, Otsuka A. A human-assisting manipulator
teleoperated by EMG signals and arm motions. IEEE Trans Robot Autom.
2003;19(2):210–22.
40. Scheme E, Englehart K. Electromyogram pattern recognition for control
of powered upper-limb prostheses: State of the art and challenges for
clinical use. J Rehabil Res Dev. 2011;48(6):643. https://doi.org/10.1682/
JRRD.2010.09.0177.
41. Hargrove LJ, Englehart K, Hudgins B. A comparison of surface and
intramuscular myoelectric signal classification. IEEE Trans Biomed Eng.
2007;54(5):847–53. https://doi.org/10.1109/TBME.2006.889192.
42. Edwards SJ, Buckland DJ, McCoy-Powlen J. Developmental & Functional
Hand Grasps. 6900 Grove Road | Thorofare, NJ 08086: SLACK
Incorporated; 2002, p. 135.
43. Englehart K, Hudgins B. A robust, real-time control scheme for
multifunction myoelectric control. IEEE Trans Biomed Eng. 2003;50(7):
848–54. https://doi.org/10.1109/TBME.2003.813539.
44. Hudgins B, Parker P, Scott RN. A New Strategy for Multifunction
Myoelectric Control. IEEE Trans Biomed Eng. 1993;40(1):82–94.
45. Gijsberts A, Atzori M, Castellini C, Müller H, Caputo B. Movement Error
Rate for Evaluation of Machine Learning Methods for sEMG-Based Hand
Movement Classification. IEEE Trans Neural Syst Rehabil Eng. 2014;22(4):
735–44. https://doi.org/10.1109/TNSRE.2014.2303394.
46. Mulgrew B, Grant P, Thompson J. Digital Signal Processing: Concepts
and Applications. Crinan Street London N1 9XW: Macmillan Education
UK; 1999.
47. Chan A, Green GC. Myoelectric control development toolbox. CMBES
Proceedings. 2007;30(1):M0100–1. https://proceedings.cmbes.ca/index.
php/proceedings/article/view/129.
48. Gijsberts A, Atzori M, Castellini C, Müller H, Caputo B. Movement Error
Rate for Evaluation of Machine Learning Methods for sEMG-Based Hand
Movement Classification. IEEE Trans Neural Syst Rehabil Eng. 2014;22(4):
735–44. https://doi.org/10.1109/TNSRE.2014.2303394.
49. Kuzborskij I, Gijsberts A, Caputo B. On the challenge of classifying 52
hand movements from surface electromyography. In: 2012 Annual
International Conference of the IEEE Engineering in Medicine and Biology
Society. Piscataway: IEEE; 2012. p. 4931–7. https://doi.org/10.1109/EMBC.
2012.6347099.

Page 17 of 17

50. Lucas M-F, Gaufriau A, Pascual S, Doncarli C, Farina D. Multi-channel
surface {EMG} classification using support vector machines and
signal-based wavelet optimization. Biomed Signal Proc Control. 2008;3(2):
169–74. https://doi.org/10.1016/j.bspc.2007.09.002. Surface
ElectromyographySurface Electromyography.
51. Oskoei MA, Hu H. Myoelectric control systems—a survey. Biomed Signal
Proc Control. 2007;2(4):275–94. https://doi.org/10.1016/j.bspc.2007.07.009.
52. Zecca M, Micera S, Carrozza MC, Dario P. Control of Multifunctional
Prosthetic Hands by Processing the Electromyographic Signal. Crit Rev
Biomed Eng. 2002;30(4-6):459–85. https://doi.org/10.1615/
CritRevBiomedEng.v30.i456.80.
53. Zardoshti M, Wheeler BC, Badie K, Hashemi R. Evaluation of emg features
for movement control of prostheses. In: Proceedings of the 15th Annual
International Conference of the IEEE Engineering in Medicine and Biology
Societ; 1993. p. 1141–2. https://doi.org/10.1109/IEMBS.1993.979061.
54. Krzanowski W. Principles of Multivariate Analysis. Oxford Statistical
Science Series, vol. 23. New York: Oxford University Press, Inc.; 2000.
55. Mahalanobis PC. On the generalised distance in statistics. In: Proceedings
National Institute of Science, India. Vol. 2, no. 1. 1936. p. 49–55. http://ir.
isical.ac.in/dspace/handle/1/1268.
56. Pawlik M, Augsten N. Tree edit distance: Robust and memory-efficient.
Inf Syst. 2016;56:157–173. https://doi.org/10.1016/j.is.2015.08.004. http://
www.sciencedirect.com/science/article/pii/S0306437915001611.
57. Pawlik M, Augsten N. Efficient computation of the tree edit distance.
ACM Trans Database Syst. 2015;40(1):3–1340.
58. Stival F, Michieletto S, Pagello E, Müller H, Atzori M. Quantitative
hierarchical representation and comparison of hand grasps from
electromyography and kinematic data. In: Workshop Proceedings of the
15th International Conference on Autonomous Systems IAS-15,
Workshop on Learning Applications for Intelligent Autonomous Robots
(LAIAR-2018). Karlsruhe: Strand; 2018. ISBN: 978-3-00-059946-0.
59. Whidden C, Zeh N, Beiko RG. Supertrees based on the subtree
prune-and-regraft distance. Syst Biol. 2014;63(4):566–581. https://doi.org/
10.1093/sysbio/syu023.
60. Eccarius P, Bour R, Scheidt RA. Dataglove measurement of joint angles in
sign language handshapes. Sign Lang Linguist. 2012;15(1):39–72. https://
doi.org/10.1075/sll.15.1.03ecc.
61. Gracia-Ibáñez V, Vergara M, Buffi JH, Murray WM, Sancho-Bru JL.
Across-subject calibration of an instrumented glove to measure hand
movement for clinical purposes. Comput Methods Biomech Biomed Eng.
2017;20(6):587–97. https://doi.org/10.1080/10255842.2016.1265950.
62. Stival F, Moro M, Pagello E. A first approach to a taxonomy-based
classification framework for hand grasps. In: Workshop Proceedings of the
15th International Conference on Autonomous Systems IAS-15,
Workshop on Learning Applications for Intelligent Autonomous Robots
(LAIAR-2018). Karlsruhe: Strand; 2018. ISBN: 978-3-00-059946-0.

