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(57) Acomputer-implementedmethod isprovided for
associating a human body gesture to a detected myo-
electric signal. Themethodcomprisesdetectingat least a
part of a myoelectric signal as the detected myoelectric
signal. The method further comprises performing a first
recognition process to determine a first human body
gesture corresponding to the detected myoelectric sig-
nal. The first recognition process is based on a machine
learning model trained on a training data base, the train-
ing data base comprising training myoelectric signals
associated to corresponding training human body ges-
tures. The method further comprises performing a sec-
ond recognition process to determine, based on a data-
base, a reference myoelectric signal corresponding to

thedetectedmyoelectric signal.Thedatabasecomprises
a plurality of database records, each of said database
records comprising a reference myoelectric signal and a
corresponding reference human body gesture asso-
ciated thereto. The method further comprises determin-
ing a second human body gesture as the reference hu-
man body gesture associated according to the database
with said reference myoelectric signal corresponding to
the detected myoelectric signal. The method further
comprises determining, based on the first human body
gesture and the second human body gesture, the human
body gesture associated to the detected myoelectric
signal.
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Description

TECHNICAL FIELD

[0001] The disclosure relates to a computer-implementedmethod, a computer program, and a device for associating a
human body gesture to a detected myoelectric signal, in particular, using a combination of a machine-learning approach
and an additional, database-based approach which enhances the reliability of the association.

BACKGROUND

[0002] Myoeletric signals, also referred to asMES in the following, are electric signals generated in an animal or human
body in the course of muscle contraction. The myoeletric signals can be measured using an electromyograph. The
electromyograph applies electrodes connected to the animal or human body, typically on the surface of the skin, to
measure said electric signals, typically as a voltage difference between at least one pair of said electrodes. Any gesture
carried out by the human/animal body gives rise to a corresponding MES.
[0003] Identification of the gesture based on the MES holds the potential to control or steer various devices, such as a
computer (for example in the context of a (serious) computer game or a simulation), a robot, an exoskeleton, a vehicle (for
example a car, an aircraft or a helicopter), or a medical or rehabilitation device such as a prosthesis or an orthosis, based
solely or at least in part on theMESmeasured by the electromyograph via the electrodes. In somesituations, an additional
controller such as a keyboard, a steering wheel, or a microphone can be avoided. In other words, a requirement to steer
said devices by manual or voice control may be avoided, using only the electromyograph with the electrodes.
[0004] Although significant progress has been made in this field, some challenges remain regarding the signal
processing and analysis, and the identification of gestures fromMES. The challenges are, at least in part, a consequence
of the small amplitude of the MES (typically between 50 µVand up to a few millivolt) and of the abundance of interfering
signals, resulting, for example, from electrocardiographic signals related to the activity of the heart muscle, or to
movements of other parts of the human/animal body inducing voltages at the electrodes. These signal artifacts complicate
the identification of gestures from the MES significantly.

OVERVIEW

[0005] In view of the technical problems laid out above, there is a need for improvements in relating anMES to a gesture
of a humanbody.This objective is achievedwith themethodsof claims1and11, thecomputer programof claim12, and the
device of claim 13.
[0006] According to a first aspect, a computer-implementedmethod is provided for associating ahumanbodygesture to
a detected myoelectric signal. The method comprises detecting at least a part of a myoelectric signal as the detected
myoelectric signal. The method further comprises performing a first recognition process to determine a first human body
gesture corresponding to the detected myoelectric signal. The first recognition process is based on a machine learning
model trained on a training data base, the training data base comprising training myoelectric signals associated to
corresponding training human body gestures. Themethod further comprises performing a second recognition process to
determine, based on a database, a reference myoelectric signal corresponding to the detected myoelectric signal. The
database comprises a plurality of database records, each of said database records comprising a reference myoelectric
signal andacorresponding referencehumanbodygestureassociated thereto. Themethod further comprisesdetermining
a second human body gesture as the reference human body gesture associated according to the database with said
reference myoelectric signal corresponding to the detected myoelectric signal. The method further comprises determin-
ing, basedon thefirst humanbodygestureand thesecondhumanbodygesture, thehumanbodygestureassociated to the
detected myoelectric signal.
[0007] The inventors have realized that amachine learningmodel, such as a convolutional neural network, trained on a
trainingdatabase comprising trainingmyoelectric signals associated to corresponding traininghumanbodygestures, can
beneficially be applied to reliably associate a human body gesture to a detected myoelectric signal. This is surprising,
since, according to conventional wisdom, associating a human body gesture to a detected myoelectric signal requires
feature extraction and definition of a classifier, which is then used to train an artificial neural network in conventional
approaches. According to the current disclosure, time-dependent training myoelectric signals (for example in the form of
series of time-voltage pairs or in the formof spectrograms) can be used for both the training of themachine learningmodel
and for the second recognition process,without a need for conventional feature extraction and/or a conventional definition
of a classifier.
[0008] The inventors have further realized that an incorrect determination/classification of the detected myoelectric
signal as the first human body gesture in the first recognition process can be compensated using a second, database-
based recognition process. More specifically, the inventors have realized that (second, database-based) recognition
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processes used conventionally and successfully in the field of audio recognition are particularly suitable for the gesture
recognition based onMES. This realization is at least in part based on the perception, that MES typically comprise carrier
frequencies in the range from roughly 100Hz to 600Hz, forwhich thehumanaudio perception is particularly sensitive both
in terms of amplitude and frequency, and a slowly varying envelope. This structure is similar to the structure of audio
signals. The processing of audio signals, including audio recognition, is well developed, for example via techniqueswhich
take into account human psychoacoustics. The inventors have realized that the processing of MES according to the well-
developed processing of audio signals (e.g., taking into account human psychoacoustics) and/or the application of audio
recognition techniques to MES gives good results in the gesture associating/recognition/classification based on MES.
[0009] The combination of the two approachesmay not only be used to filter out false positives (i.e., the association of a
gesture to aMES by one of the recognition processesmay be rejected if the other recognition process does not associate
the samegesture to theMES), but the combinationmayalso be used to associate a gesture to theMES in cases inwhich a
singleoneof theprocesseswouldnotdeliveranunambiguous result. Forexample, if thefirst recognitionprocessfinds fora
MES similar probabilities or reliability measures for two different gestures, instead of associating the gesture with the only
slightly higher probability or reliability measure to the MES, the method may associate the (second) human body gesture
found in the second recognition process to the MES, if this (second) human body gesture is one of the two different
gestures found in the first recognition process.
[0010] According to some embodiments, the second recognition process is based on a comparison between the
detected myoelectric signal and the reference myoelectric signals.
[0011] According to some embodiments, if the first human body gesture and the second human body gesture coincide,
the first and/or the second human body gesture is determined as the human body gesture associated to the detected
myoelectric signal.
[0012] The first recognition process may comprise calculating, based on the machine learning model, a reliability
measure associated with the first human body gesture, wherein the reliability measure is associated with a likelihood for
the first human body gesture to correspond to the detected myoelectric signal, and wherein determining the human body
gesture associated to the detected myoelectric signal is further based on said reliability measure. In respective
embodiments, the first human body gesture may be determined as the human body gesture associated to the detected
myoelectric signal if the reliability measure exceeds a first threshold reliability measure value, in particular, if the first
human body gesture and the second human body gesture coincide.
[0013] The provision of a reliability measure in the first recognition process gives further evidence as to whether the
assignment of the gesture to the MES is reliable, and thus improves the reliability of the method.
[0014] The inventors have realized that a machine learning model which outputs a respective reliability measure, such
asa convolutional neural network, canbebeneficially applied in thedisclosedmethod to decideonwhether to trust the first
recognition process and use its result in the assignment of the gesture to the detected MES. For example, the reliability
measure can be extracted from the loss layer of a convolutional neural network, using a loss function such as the Softmax
loss function.
[0015] According to some embodiments the first recognition process further comprises calculating additional reliability
measures, wherein the additional reliability measures are associated with training human body gestures of the training
data base being different from the first human body gesture, wherein each of the additional reliability measures is
associated with a likelihood for the associated training human body gesture to correspond to the detected myoelectric
signal, and wherein the first human body gesture is determined further based on the additional reliability measures.
[0016] In respective embodiments, the human body gesture associated to the detected myoelectric signal may be
determinedas the first humanbodygesture if the reliabilitymeasureexceedsanyof the additional reliabilitymeasuresbya
second threshold reliability measure value, in particular, if the first human body gesture and the second human body
gesture coincide; and/or the human body gesture may be determined based on the second recognition process and/or
according to the second human body gesture if a difference between the reliability measure and at least one of the
additional reliability measures does not exceed a third threshold reliability measure value, in particular, wherein the third
threshold reliability measure value is the same as the second threshold reliability measure value; and/or in the first
recognition process, the first human body gesture may be determined as the training human body gesture for which the
associated reliability measure is larger than the additional reliability measures, in particular, larger than any of the
additional reliability measures associated with any of the other training human body gestures.
[0017] Calculating the additional reliability measures, i.e., the reliability measures for training human body gestures of
the training data basedifferent from the first humanbody gesture, allows for comparing said reliabilitymeasures to decide,
if the reliability measure of the first human body gesture sticks out and is thus the only gesture which may reliably be
assigned to theMES, or if various training human body gestures would provide similar reliabilitymeasures andmight thus
alternatively be assigned to the MES. In the latter case, the second recognition process helps to find an unambiguous
assignment.
[0018] According to some embodiments, a similarity measure associated with the second human body gesture is
determined in thesecond recognitionprocessbasedonasimilaritymetric between thedetectedmyoelectric signal and the

3

EP 4 663 118 A1

5

10

15

20

25

30

35

40

45

50

55



reference myoelectric signal corresponding to the detected myoelectric signal, wherein the human body gesture
associated to the detected myoelectric signal is further determined based on said similarity measure.
[0019] In respective embodiments, the second recognition process may comprise determining respective similarity
metrics between the detectedmyoelectric signal and at least some or all of the referencemyoelectric signals comprised in
the database records, and determining the similarity measure associated with the second human body gesture based on
said similarity metrics, for example, wherein the second human body gesture is selected as the reference human body
gesture for which the similarity metric between the reference myoelectric signal associated with said reference human
body gesture according to the database and the detected myoelectric signal is the largest, wherein, preferably, the
similarity measure is derived from or is the similarity metric between the reference myoelectric signal for which the
similaritymetric is the largest and the detectedmyoelectric signal. Alternatively, or in addition, in respective embodiments,
the human body gesture associated to the detected myoelectric signal may be determined based on a function of the
similaritymeasure andof the reliabilitymeasure described above. Alternatively, or in addition, in respective embodiments,
the human body gesture associated to the detected myoelectric signal may be determined based on a function of the
similarity measure and of the reliability measure described above and of the additional reliability measures described
above.
[0020] The provision of a similarity measure in the second recognition process gives further evidence as to whether the
assignment of the gesture to the MES is reliable, and thus improves the reliability of the method further.
[0021] According to some embodiments, the second recognition process applies a fuzzy logic to determine the
reference myoelectric signal corresponding to the detected myoelectric signal. In respective embodiments, the fuzzy
logicmay comprise ormaybea fuzzyaudio logic or a fuzzy audio searchalgorithm.Alternatively, or in addition, the second
recognition process, to determine the referencemyoelectric signal corresponding to the detectedmyoelectric signal, may
use at least one or exactly one of the following: a fuzzy inference based on a parameter derived from a spectrogram of the
detected myoelectric signal, a fuzzy inference based on a multi-point correlation derived from a spectrogram of the
detected myoelectric signal, an Evolving Fuzzy Neural Network, a Gaussian Mixture Model, a Hidden Markov Model.
[0022] The inventors have realized that a fuzzy logic, in particular a fuzzy audio logic or a fuzzy audio search algorithm,
complements the machine-learning-based first recognition process in a particularly beneficial manner: In contrast to the
machine-learning-based first recognition process, the fuzzy logic is inherently interpretable, and permits to incorporate
fuzzy rules, fuzzy membership functions, and/or fuzzy inferences based on human expert knowledge in straightforward
ways.Moreover, the fuzzy logic provides similaritymeasures for the reference humanbodygestures, typically as or based
on the fuzzy variables output from the fuzzy inference. The respective similaritymeasures can beneficially bemade use of
in the method, as described above.
[0023] According to someembodiments, themachine learningmodel comprises or is a convolutional neural network. In
respective embodiments, the machine learning model may be trained on the training myoelectric signals provided in the
formof time-dependentmyoelectric signals, in particular in the formof time-dependentmyoelectric voltagesignalsor in the
form of spectrograms; and/or the convolutional neural networkmay be trained using trainingmyoelectric signals detected
on said human body; and/or the convolutional neural network may be trained using training myoelectric signals detected
on different human bodies.
[0024] The inventors have performed a comparative study testing the accuracy of the assignment of a human body
gesture to a MES with machine-learning based recognition methods and also with deterministic classification methods
using conventional classifiers. The inventors have found that the convolutional neural network outperforms both the other
machine-learning based recognition methods and the deterministic classification methods in terms of the number/per-
centageof gestures correctly assigned. In otherwords, the useof a convolutional neural network improves theaccuracy of
the method.
[0025] The second recognition process may comprise comparing information from a spectrogram of the detected
myoelectric signal to information from spectrograms of the reference myoelectric signals.
[0026] Basing the second recognitionprocesson respective spectrogramsmakesuseof the inventors’ realizationof the
similarity between MES and audio signals, or that recognition processes applied successfully to audio signals may be
applied successfully to MES as well, respectively. For example, the second recognition process may use a procedure
similar to the one described in Wang, A.: "An industrial strength audio search algorithm," in: Proceedings of the 4th
InternationalConferenceonMusic InformationRetrieval (ISMIR2003), Baltimore,MD,USA,October 27‑30, 2003 (2003),
whichhasprovenhighlyefficient for recognizingaudiopieces.The respectivedocument isherewith incorporatedhereinby
reference.
[0027] In respective embodiments, the fuzzy logic described above may be applied in comparing the information from
the spectrogram of the detectedmyoelectric signal to the information from the spectrograms of the referencemyoelectric
signals. Alternatively, or in addition, the information from thespectrogramof the detectedmyoelectric signalmay comprise
or may be a multi-point correlation, such as a two-point correlation, derived from the spectrogram of the detected
myoelectric signal, and the information from the spectrograms of the referencemyoelectric signals may comprise or may
be a multi-point correlation, such as a two-point correlation, derived from the spectrograms of the reference myoelectric
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signals.
[0028] According to some embodiments, the method comprises calculating Mel Frequency Cepstrum Coefficients
based on the detected myoelectric signal.
[0029] The calculation ofMel FrequencyCepstrumCoefficients based on the detectedmyoelectric signalmakes use of
the inventors’ realization of the similarity between MES and audio signals, or that recognition processes applied
successfully to audio signals may be applied successfully to MES as well, respectively. For example, Mel Frequency
CepstrumCoefficients may be calculated for the trainingMES prior to training themachine learningmodel with them, and
Mel Frequency Cepstrum Coefficients may be calculated for the detected myoelectric signal and input into the first
recognition process, corresponding to a recognition process similar to the one described in Polo-Rodriguez, A.; Vilchez
Chiachio, J.M.; Paggetti, C.; Medina-Quero, J.: "Ambient Sound Recognition of Daily Events by Means of Convolutional
Neural Networks and Fuzzy Temporal Restrictions," Appl. Sci. 2021, 11, 6978, {https://doi.org/10.3390/app11156978},
and in particular of Section 2.2 ("Deep Learning Model for Ambient Sound Recognition of Daily Events") therein. The
respective document is herewith incorporated herein by reference.
[0030] In respective embodiments, the first human body gesture may be determined in the first recognition process
based on the calculated Mel Frequency Cepstrum Coefficients. Alternatively, or in addition, the reference myoelectric
signal corresponding to the detected myoelectric signal may be determined in the second recognition process based on
the calculatedMel FrequencyCepstrumCoefficients and basedonMel FrequencyCepstrumCoefficients associatedwith
the reference myoelectric signals. Alternatively, or in addition, the second recognition process may comprise comparing
the information from the spectrogram of the detected myoelectric signal to the information from the spectrograms of the
referencemyoelectric signals,wherein the information from thespectrogramof thedetectedmyoelectric signal comprises
or is the calculated Mel Frequency Cepstrum Coefficients, and the information from the spectrograms of the reference
myoelectric signals comprises or is the Mel Frequency Cepstrum Coefficients associated with the reference myoelectric
signals. Alternatively, or in addition, the method may comprise some or all the features described above in the context of
the fuzzy logic, wherein the calculated Mel Frequency Cepstrum Coefficients and the Mel Frequency Cepstrum
Coefficients associated with the reference myoelectric signals are compared using the fuzzy logic.
[0031] According to some embodiments, said database records correspond to or comprise the reference myoelectric
signals temporally stretched to a predefined duration.
[0032] Stretching the reference myoelectric signals to a predefined duration makes them better comparable, and thus
improves both the accuracy and the versatility of themethod. Experiments have shown that the overall speed, or duration,
respectively, at which the same person performs the same human body gesture, varies from time to time. Stretching the
MES recordedwhile the performingof the humanbodygesture results in stretchedMESalwayshaving the sameduration,
such that they appear more similar to the first and second recognition process. In particular, in embodiments, wherein the
second recognition process is an audio recognition process, for example based on spectrograms, the envelopes of the
stretched MES will be similar, or comprise the same (or similar) frequencies, respectively.
[0033] Detecting the myoelectric signal may comprise measuring a continuous myoelectric signal, preferably on a
human body; detecting a beginning of a non-resting phase in the continuous myoelectric signal; and providing the
continuousmyoelectric signal measured since the beginning of the non-resting phase as the detectedmyoelectric signal.
[0034] In respective embodiments, the beginning of the non-resting phase may be detected in the continuous myo-
electric signal according to a first pre-defined threshold. Alternatively, or in addition, in respective embodiments, detecting
the myoelectric signal on the human body may comprise detecting an end of the non-resting phase in the continuous
myoelectric signal, wherein the continuousmyoelectric signalmeasured since the beginning of the non-resting phase and
until the end of the non-resting phase is provided as the detected myoelectric signal, wherein, preferably, the detected
myoelectric signal is temporally stretched to the predefined duration described above. In respective embodiments the end
of the non-resting phase may optionally be detected in the continuous myoelectric signal according to a second pre-
defined threshold.
[0035] Respective embodiments can provide the detected MES stretched to the same predefined duration as the
reference MES in the database, thus improving the comparability in the second recognition process, as described above
similarly in the context of the predefined duration of the reference MES of the database.
[0036] Alternatively, the detected myoelectric signal may be provided, prior to the end of said non-resting phase, as a
partial myoelectric signal, and the first recognition process and/or the second recognition process may be performed
based on said partial myoelectric signal; wherein, optionally, the first recognition process and/or the second recognition
process comprise/s temporally stretching the partial myoelectric signal, for example to the predefined duration described
above.
[0037] In respective embodiments, theMES can be provided for the first/second recognition process before themuscle
action, and hence the overall MES activity of the human body, is even completed. Experiments have demonstrated that in
particular the first, machine-learning-based recognition process is in many situations able to identify the human body
gesturebeingperformed from thepartialMESsignal, thuspermitting theassignment of a humanbodygestureevenbefore
the gesture is completed. A faster identification leaves more time for subsequent actions based on the identified human
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body gesture. For example, a prosthesis can start moving, reducing the delay between the command (in the form of the
muscle contraction) and the response of the prosthesis. In other examples, an orthosis, an exoskeleton, a controlled
vehicle, or a controlled figure in a computer game, may move along with the movements of a human body as the human
body is performing its movements/gestures; rather thanmoving with a delay only after the human body has completed its
movements/gestures.
[0038] The myoelectric signal may be detected using at least 5 or at least 7 or at least 9 electrodes placed at different
positions on the human body.
[0039] In respective embodiments, the detected myoelectric signal may comprise a plurality of signals each measured
betweenat least two, for example betweenapair, of said electrodes. Alternatively, or in addition, the referencemyoelectric
signals comprised in the database records may have been detected using at least 5 or at least 7 or at least 9 electrodes
placed at different positions on the human body, and preferably the reference myoelectric signals comprised in the
database records each comprise a plurality of signals eachmeasured betweenat least two, for example between a pair, of
said electrodes.
[0040] For example, the detectedmyoelectric signal and/or the referencemyoelectric signalsmay be detected using at
least one or exactly one of said least 5 or at least 7 or at least 9 electrodes as a reference electrode. In respective
embodiments, the detected myoelectric signal and/or the reference myoelectric signals may correspond to the signal(s)
between the reference electrode and the remaining electrodes of the at least one of said least 5 or at least 7 or at least 9
electrodes.
[0041] In some embodiments, the at least 5 or at least 7 or at least 9 electrodes may be grouped into pairs, and the
detected myoelectric signal and/or the reference myoelectric signals may correspond to the signal(s) between the
electrodes of said pairs.
[0042] According to some embodiments, the method comprises providing the database.
[0043] According to some embodiments, the database records comprise data-compressed representations of the
reference myoelectric signals; the method comprises creating a data-compressed representation of the detected myo-
electric signal; and the second recognition process is performed to determine the reference myoelectric signal corre-
sponding to the detected myoelectric signal based on the respective data-compressed representations of the detected
myoelectric signal and the reference myoelectric signals.
[0044] In respective embodiments, the data-compressed representation of the detected myoelectric signal may be
created according to an audio data compression technique, such as an audio data compression technique based on
psychoacoustics; and/or the data-compressed representations of the reference myoelectric signals may be data-
compressed representations according to an audio data compression technique, such as an audio data compression
technique based on psychoacoustics.
[0045] The data compressed representations, for example using audio compression techniques, make use of the
inventors’ realization of the similarity betweenMESand audio signals, or that processing techniques applied successfully
to audio signals may be applied successfully to MES as well, respectively. In other words, audio compression techniques
compress MES in a particularly efficient way. This is particularly important and beneficial when the method is applied in a
mobile device to be carriedby anoperator, suchasaprosthesis,with limited storage spaceavailable on themobile device.
[0046] According to some embodiments, the method further comprises actuating a plurality of motors according to the
human body gesture associated to the detected myoelectric signal.
[0047] In respective embodiments, said motors may be comprised in a motorized device selected from one of the
following: aprosthesis, anorthotic device, anexoskeleton, avehicle control; in particular,wherein themotorizeddevice isa
prosthesis, such as a hand prosthesis; and/or the plurality of motors may be actuated to mimic the human body gesture
associated to the measured myoelectric signal, for example to mimic the identified human body gesture with said
motorized device.
[0048] According to another aspect, a method of controlling a prosthetic device is provided. The method comprises
performing the computer-implemented method according to any of the embodiments described above for associating a
human body gesture to a detected myoelectric signal; and actuating a plurality of motors according to the human body
gesture associated to the detected myoelectric signal. At least some motors of the plurality of motors are motors of the
prosthetic device.
[0049] The method of controlling the prosthetic device may exhibit one or all of the features described above in the
context of the method according to the first aspect.
[0050] In respective embodiments, the plurality ofmotorsmaybeactuated tomimic thehumanbodygesture associated
to the measured myoelectric signal with said prosthetic device.
[0051] According toanother aspect, a computer-implementedmethod isprovided for associating ahumanbodygesture
to a detected myoelectric signal. The method comprises detecting at least a part of a myoelectric signal as the detected
myoelectric signal. Themethod comprises performing a first recognition process to determine a first human body gesture
corresponding to the detected myoelectric signal, wherein the first recognition process is based on a machine learning
model trained on a training data base, the training data base comprising training myoelectric signals associated to
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corresponding training human body gestures; and determining, based on the first human body gesture, the human body
gesture associated to the detectedmyoelectric signal. Themachine learningmodel comprises or is a convolutional neural
network.
[0052] In otherwords, the computer-implementedmethod according to the respective aspect is similar to the computer-
implemented method according to the first aspect, but uses only the first recognition process, wherein the machine
learning model comprises or is a convolutional neural network, and does not comprise the second recognition process.
[0053] The respective method may exhibit one or all of the features described above in the context of the method
according to the first aspect.
[0054] According toanother aspect, a computer-implementedmethod isprovided for associating ahumanbodygesture
to a detected myoelectric signal. The method comprises detecting at least a part of a myoelectric signal as the detected
myoelectric signal; performing a second recognition process to determine, based on a database, wherein the database
comprises a plurality of database records, each of said database records comprising a referencemyoelectric signal and a
corresponding reference human body gesture associated thereto, a reference myoelectric signal corresponding to the
detectedmyoelectric signal, wherein the second recognition process applies a fuzzy logic such as a fuzzy audio logic or a
fuzzy audio search algorithm; determining a second human body gesture as the reference human body gesture
associated according to the database with said reference myoelectric signal corresponding to the detected myoelectric
signal; and determining, based on the second human body gesture, the human body gesture associated to the detected
myoelectric signal.
[0055] In otherwords, the computer-implementedmethod according to the respective aspect is similar to the computer-
implemented method according to the first aspect, but uses only the second recognition process, wherein the second
recognition process applies a fuzzy logic such as a fuzzy audio logic or a fuzzy audio search algorithm, and does not
comprise the first recognition process.
[0056] The respective method may exhibit one or all of the features described above in the context of the method
according to the first aspect.
[0057] According to another aspect, a computer program comprising instructionswhich, when the computer program is
executed by a computer, cause the computer to carry out the method according to any of the embodiments described
above.
[0058] According to another aspect, a device is adapted to carry out the method according to any of the embodiments
describedabove. For example, the devicemaycomprise a computer system,and the computer systemmaybeadapted to
carry out the method according to any of the embodiments described above.
[0059] According to another aspect, a device comprises a computer system. The computer system comprises at least
one processor and at least onememory. The computer system is adapted to receive a detectedmyoelectric signal, and to
perform a first recognition process to determine a first human body gesture corresponding to the detected myoelectric
signal, wherein the first gesture recognition process is based on amachine learningmodel trained on a training data base
comprising trainingmyoelectric signals associated to corresponding training humanbodygestures. Thecomputer system
is further adapted to access a database comprising a plurality of database records. Each of said database records
comprises a reference myoelectric signal and a corresponding reference human body gesture associated thereto. The
computer system is further adapted to perform a second recognition process to determine, based on the database, a
reference myoelectric signal corresponding to the detected myoelectric signal, and to determine a second human body
gesture as the reference human body gesture associated with said reference myoelectric signal according to the
database; and to determine, based on the first human body gesture and the second human body gesture, the human
body gesture associated to the detected myoelectric signal.
[0060] According to some embodiments, the device further comprises an electronic measurement system adapted to
detect a myoelectric signal on a human body, and to provide the detected myoelectric signal to the computer system for
said receiving of the detected myoelectric signal.
[0061] According to some embodiments, the device further comprises a plurality of motors, wherein the device is
adapted to actuate the plurality of motors according to the human body gesture associated to the detected myoelectric
signal.
[0062] According to some embodiments, the device further comprises a databasememory that said database is stored
on.
[0063] According to some embodiments, the device is one of the following: a prosthesis, an orthotic device, an
exoskeleton, and a vehicle control; in particular, wherein the device is a prosthesis, such as a hand prosthesis.
[0064] According to another aspect, a prosthesis comprises a computer system. The computer system comprises at
least one processor and at least one memory. The computer system is adapted to receive a detected myoelectric signal,
and to perform a first recognition process to determine a first human body gesture corresponding to the detected
myoelectric signal,wherein thefirst gesture recognitionprocess isbasedonamachine learningmodel trainedona training
data base comprising training myoelectric signals associated to corresponding training human body gestures. The
computer system is further adapted to access a database comprising a plurality of database records. Each of said
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database records comprises a reference myoelectric signal and a corresponding reference human body gesture
associated thereto. The computer system is further adapted to perform a second recognition process to determine,
basedon thedatabase, a referencemyoelectric signal corresponding to the detectedmyoelectric signal, and to determine
a second human body gesture as the reference human body gesture associated with said reference myoelectric signal
according to the database; and to determine, based on the first human body gesture and the second human body gesture,
the human body gesture associated to the detected myoelectric signal.
[0065] The prosthesis may comprise a plurality of motors, and may be adapted to actuate the plurality of motors
according to the human body gesture associated to the detected myoelectric signal.

BRIEF DESCRIPTION OF THE FIGURES

[0066] The techniques of the present disclosure and the advantages associated therewith will be best apparent from a
description of exemplary embodiments in accordance with the accompanying drawings, in which:

Fig. 1 illustrates a computer-implemented method according to an embodiment;
Fig. 2 illustrates a computer-implemented method according to another embodiment;
Fig. 3a, Fig. 3b illustrate the deriving of information from a spectrogram of a MES;
Fig. 4a, Fig. 4b, Fig. 4c illustrate how a MES is detected in some embodiments;
Fig. 5a, Fig. 5b, Fig. 5c illustrate how a MES is alternatively detected in some embodiments;
Fig. 6 illustrates an arrangement of electrodes;
Fig. 7 illustrates a motorized device; and
Fig. 8 illustrates a device according to an embodiment.

DETAILED DESCRIPTION OF EMBODIMENTS

[0067] Fig. 1 illustrates a computer-implemented method 2 for associating a human body gesture 52 to a detected
myoelectric signal 12 according to a first exemplary embodiment.
[0068] The method 2 comprises, at step 10, detecting 10 at least a part of a myoelectric signal 12 as the detected
myoelectric signal 12.
[0069] According to thedepicted example a pair of electrodes is placed ondifferent positions of a humanbody 70at step
10. The voltage difference between the electrodes is measured using a low-noise, galvanically isolated, high-impedance
(200 M Ohm) instrumentation amplifier. An exemplary, measured voltage difference is shown in Fig. 4a. The signal is
filtered to remove mains hum (which typically occurs at 50 Hz or 60 Hz and at the respective harmonics) and to remove
electrocardiographic signals,which originate from themuscle contractions of the heartmuscle. Fig. 4b shows the resulting
filtered voltage difference obtained from the measured voltage difference of Fig. 4a.
[0070] Themethod 2 continues, at step 20a, by performing 20a a first recognition process 20 to determine a first human
body gesture 22 corresponding to the detected myoelectric signal 12. The first recognition process 20 is based on a
machine learning model trained on a training data base. The training data base comprises training myoelectric signals
associated to corresponding training human body gestures.
[0071] Toobtain the trainingdatabase, filteredvoltagedifferences like theonedescribedaboveand in the context of Fig.
4b are provided, annotated with a corresponding human body gesture (training human body gesture). The respective
annotatedfilteredvoltagedifferencesareobtainedby instructingahumanbeing toperformaspecifichumanbodygesture.
As the human being performs the specific human body gesture, the filtered voltage difference is acquired/measured as
described above in the context of step 10. The resulting data are stored as a series of data pairs of timestamps t_i and
filtered voltage difference values V_i, annotated with the specific human body gesture. Possible values/classes for the
specific human body gestures include, but are not limited to: open hand, closed fist, flexion, extension, supination.
[0072] According to an embodiment, the series of data pairs of timestamps t_i and filtered voltage difference values V_i
is directly used as the training myoelectric signals for training the machine learning model, together with the annotated
specific human body gesture as the training human body gesture.
[0073] According toanother embodiment, abeginning16andanend16eof anon-restingphase is detected in the series
of data pairs of timestamps t_i and filtered voltage difference valuesV_i as described in detail below, and only the series of
data pairs of timestamps t_i and filtered voltage difference values V_i from the beginning 16 to the end 16e of the non-
resting phase is used as the training myoelectric signals for training the machine learning model, together with the
annotated specific human body gesture as the training human body gesture.
[0074] According to yet other embodiments, the series of data pairs of timestamps t_i and filtered voltage difference
valuesV_i, in total or only from thebeginning 16 to theend16eof the non-resting phase, is transformed into a spectrogram
60 and optionally converted into Mel Frequency Cepstrum Coefficients, and the resulting spectrogram 60 or the Mel
Frequency Cepstrum Coefficients are used as the training myoelectric signals for training the machine learning model,
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together with the annotated specific human body gesture as the training human body gesture.
[0075] For thesakeof clarity/simplicity, theacquisitionandprocessingof theMEShasbeendescribedusingasinglepair
of electrodes. However, in preferred embodiments, multiple pairs of electrodes are applied to the human body during the
acquisition, to obtain multiple series of voltage differences and filtered voltage difference values V1_i, V2_i, V3_i,... in
parallel, as explained in detail below in the context of Fig. 6. In such embodiments, the detected MES 12 comprises, or is
based on (with the described processing of the MES applied to each series of voltage differences) the multiple series of
voltage differences and filtered voltage difference values V1_i, V2_i, V3_i,... .
[0076] The acquisition of the training MES is performed for a plurality of specific gestures, wherein, for each of the
specificgestures, thehumanbeing is instructed toperform the respective specifichumanbodygesture several times (e.g.,
100 times), and each time the filtered voltage difference is acquired as the human being performs the respective specific
human body gesture. All resulting training myoelectric signals and the corresponding, annotated training human body
gesture together form the training data base.
[0077] The training of the machine learning model is then performed on the training data base.
[0078] When the first recognition process 20 is performed at step 20 using the so-trained machine learning model, the
detected myoelectric signal 12 is prepared like the training myoelectric signals. In other words, in embodiments, wherein
the series of data pairs of timestamps t_i and filtered voltage difference values V_i is directly used as the training
myoelectric signals, a series of data pairs of timestamps t_i and filtered voltage difference valuesV_i obtained at step 10 is
directlyusedas thedetectedmyoelectric signal 12. If trainingmyoelectric signalsonlyuse thedata fromthebeginning16 to
theend16eof a non-resting phase, the detectedmyoelectric signal 12 only uses data from thebeginning 16 to the end16e
of a non-resting phase. In embodiments, wherein the trainingmyoelectric signals have been converted into spectrograms
60, the detected MES 12 is converted into a spectrogram 60 as well for the first recognition process 20, etc.
[0079] The first recognition process 20 is carried out by a computer system 92.
[0080] Themethod 2 continues, at step 40a, by performing 40aa second recognition process 40 to determine, basedon
a database 30, wherein the database 30 comprises a plurality of database records 32, each of said database records 32
comprisinga referencemyoelectric signal 34andacorresponding referencehumanbodygesture36associated thereto, a
referencemyoelectric signal 34 corresponding to the detectedmyoelectric signal 12. Themethod 2 determines a second
human body gesture 42 as the reference human body gesture 36 associated according to the database 30 with the
reference myoelectric signal 34 corresponding to the detected myoelectric signal 12.
[0081] The database 30with the referencemyoelectric signals 34 and the associated, corresponding reference human
body gestures 36 is prepared as described above for the training data base with the training myoelectric signals and the
associated, corresponding training human body gestures.
[0082] In some embodiments, the same data base with the same, acquired myoelectric signals and the same
associated, corresponding human body gestures are used for the database 30 and the training data base. This data
base is generated as described above in the context of step 20a for the training data base.Using the samedata base twice
(for the database30 and the training data base)maximizes the use of the acquiredmyoelectric signals. Thisminimizes the
burden on the human being, for whom the recording of the numerous myoelectric signals stored in the data base can be
strenuous.
[0083] While any type of classification algorithm may be used in the second recognition process 40, the depicted
embodiment uses a fuzzy logic which has been applied successfully in the context of audio recognition (i.e., a fuzzy audio
search algorithm). More specifically, the second recognition process 40 according to an embodiment uses the algorithm
described in Polo-Rodriguez, A.; Vilchez Chiachio, J.M.; Paggetti, C.; Medina-Quero, J.: "Ambient Sound Recognition of
Daily Events by Means of Convolutional Neural Networks and Fuzzy Temporal Restrictions," Appl. Sci. 2021, 11, 6978,
{https://doi.org/10.3390/app11156978}, in the following also referred to as Polo-Rodriguez et at., andmore specifically in
Section 2.2 ("Fuzzy Protoforms to Describe Daily Events from Audio Recognition Streams") therein.
[0084] According to an embodiment, which uses in the second recognition process 40 a modification of the afore-
mentioned algorithm from Polo-Rodriguez et at., the detectedMES 12 is provided from a beginning 16 to an end 16e of a
non-resting phase, and in a fuzzification step, the signal is mapped onto a fuzzy variable based on classifiers for MES
known from the prior art, or from expert knowledge, respectively. These classifiers include, according to different
embodiments, one or any combination of the following: the number of zero crossings in the series of filtered voltage
difference valuesV_i, the amplitude (i.e., themaximum) of the filtered voltage difference values V_i, the rootmean square
of the filtered voltage difference values V_i, autoregressive coefficients determined from the filtered voltage difference
values V_i, and an approximate entropy determined from the filtered voltage difference values V_i. According to some
embodiments, in particular those, wherein the method is a method for controlling a prosthesis, the selection of a specific
classifier or combination of classifiers is made by an expert depending on the properties of the prosthesis (e.g., body part
that the prosthesis corresponds to) and the physical condition (e.g., presence of muscle structure in the proximity of the
prosthesis) of the human being on which the myoelectric signal is detected.
[0085] Based on experience, the detected MES 12 is mapped, according to an embodiment, onto a first fuzzy variable
taking the form (zero crossings_many, zero crossings_average, zero crossings_few, amplitude_small, amplitude_aver-
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age, amplitude_large). Herein, "zero crossings_many" represents a value quantifying to what degree the number of zero
crossings in the series of filtered voltage difference values V_i is large; "zero crossings_ average" represents to what
degree it is average; and "zero crossings_ few" represents to what degree it is small. Correspondingly, "amplitude_small"
represents a value quantifying to what degree the maximum in the filtered voltage difference values V_i is small;
"amplitude_average" represents to what degree it is average; and "amplitude_large" represents to what degree it is
large. The mapping is done according to expert knowledge known from the prior art.
[0086] In a fuzzy inference step, the first fuzzy variable is converted into a second fuzzy variable, which represents the
human body gestures to be identified, which include, but are not limited to: open hand, closed fist, flexion, extension,
supination. In other words, according to an example, the second fuzzy variable takes the form ("value_open hand",
"value_closed fist", "value_flexion", "value_extension", "value_supination"). The value "value_open hand" represents to
what degree the detected MES 12 represents an open hand, based on the fuzzy inference which determines the value
"value_open hand" according to a fuzzy logic applied to the first fuzzy variable (i.e., the values "zero crossings_many",
"zero crossings_average",...) as an input. The conversion, i.e., the fuzzy inference, is performed according to expert
knowledgeknown from theprior art.Correspondingly, thevalue "value_closedfist" represents towhatdegree thedetected
MES 12 represents a closed fist according to said fuzzy logic, and so on.
[0087] In a further, defuzzification step, the secondhumanbodygesture42 is derived from thesecond fuzzy variable, for
example, as the human body gesture for which the corresponding value in the second fuzzy variable is the largest.
[0088] In an alternative embodiment, the second recognition process 40 uses an algorithm similar to the one described
inWang, A.: "An industrial strength audio search algorithm," in: Proceedings of the 4th International Conference onMusic
Information Retrieval (ISMIR 2003), Baltimore, MD, USA, October 27‑30, 2003 (2003), which, in the following, is also
referred toasWanget al. This algorithmcalculateshashes fromboth the input data, i.e., thedetectedMES12 in the current
description, and from the database records 32, and compares the respective hashes. The hashes are generated by first
converting each of the respective data (i.e., the reference data from the database as well as the data on which the
recognitionprocess is to beperformed) intoa spectrogram60. In otherwords, the respective signals are converted into the
time-frequency-domain as illustrated in Fig. 3a. Subsequently, peaks 62 are identified in the spectrogram 60. Then, any
pair 64 of peaks 62 (i.e., peak pairs 64) is identified, for which the distance between the respective peaks 62 of the pair 64
does not exceed a predefined distance in the spectrogram 60 (or in the time-frequency-domain, respectively). For each
peak pair 64, a corresponding hash is stored. The hash contains the following values: frequency of the first peak 62 of the
pair 64, frequencyof thesecondpeak62of thepair 64, and timedifferencebetween thepeaks62of thepair 64.Thehash is
annotatedwith one of the times associatedwith the peaks 62 (e.g., theminimumof the times associatedwith the peaks 62
of thepair 64).Thealgorithmsearches formatchesbetweenhashesof the inputdataandhashes in thedatabase30, i.e., of
the database records 32.
[0089] A further embodiment is similar to the onedescribed in the previous paragraph, but in addition to the frequency of
the first peak 62 of the pair 64, the frequency of the second peak 62 of the pair 64, and the time difference between the
peaks 62 of the pair 64, the hash further comprises the amplitude of the first peak 62 of the pair 64, and the amplitude of the
second peak 62 of the pair 64, on a linear scale or in the form of a Mel Frequency Cepstrum Coefficient. Hence, for an
exemplary pair of peaks p1, p2 in the spectrogram 60 of a reference myoelectric signal

Peak p1 Peak p2
Time t_p1 t_p2
Frequency f_p1 f_p2
Amplitude A_p1 A_p2

the corresponding hash takes the form: f_p1, f_p2, |t_p1 - t_p21, A_p1, A_p2, annotated with min(t_p1, t_p2). Simi-
larly, for an exemplary pair of peaks p3, p4 in the spectrogram 60 of a detected MES 12, the corresponding hash has
the form: f_p3, f_p4, |t_p3 - t_p4|, A_p3, A_p4, annotated with min(t_p3, t_p4).
[0090] Notably, the algorithm of Wang et al. finds a match when the hashes of the input data and the hashes in the
database 30, i.e., of the database records 32, are identical. In an embodiment of the current disclosure, this algorithm is
modified tofindamatch if thedifferencebetween thecorrespondingvaluescontained insaidhashes is smaller orequal toa
predefined value. Said difference is further used to calculate a similarity metric between the detected MES 12 and the
database record 32 that one of the hashes corresponds to.
[0091] According to an example, a similarity metric S is calculated as the inverse of the geometrical distance between
the values in the matching hashes calculated from the detected MES 12 and from the reference MES from the database
record 32. According to such an example, for the example given above, the similarity metric S is

S = Sqrt {1/[(f_p1-f_p3)2 + (f_p2 - f_p4)2 + (|t_p1-t_p2|2 - |t_p3-t_p4|)2 + (A_p1-A_p3)2 + (A_p2-A_p4)2]}
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wherein Sqrt denotes the square root function.
[0092] For a given reference myoelectric signal 34, a similarity measure is calculated by calculating the respective
similarity metric S for any combination/pair of hashes, wherein one hash of the combination/pair is derived from the
reference myoelectric signal 34, and the other hash of the combination/pair is derived from the detected MES. This
similarity measure is then associated to the reference human body gesture 36 corresponding to the respective reference
MES 34 according to the database record 32.
[0093] According to some embodiments, the reference human body gesture 36 with the largest associated similarity
measure is identified as the second human body gesture 42.
[0094] According to an alternative embodiment, the second recognition process 40 uses an Evolving Fuzzy Neural
Network, as described, e.g., in Malcangi, M.: "Fuzzy logic-based audio pattern recognition," in: AIP Conference
Proceedings. vol. 1060, pp. 225‑228, American Institute of Physics (2008).
[0095] According to an alternative embodiment, the second recognition process 40 uses aGaussianMixtureModell, as
described, for example, in Vuegen, L., Broeck, B.V.D., Karsmakers, P., Gemmeke, J.F., Vanrumste, B., hamme, H.V.: "An
mfcc-gmm approach for event detection and classification," in: Proceedings of the IEEEWorkshop Appl. Signal Process,
Audio Acoust. (2013).
[0096] According to an alternative embodiment, the second recognition process 40 uses a Hidden Markov Model, as
described, for example, in M. Gales and S. Young, "The Application of Hidden Markov Models in Speech Recognition,"
Foundations and TrendsR in Signal Processing, vol 1, no 3, pp 195‑304, 2007 {http://dx.doi.org/10.1561/2000000004}.
[0097] All the aforementioned embodiments have in common, that they apply a (second) recognition process 40 which
has previously proven successful for audio search and recognition. The inventors have realized that such algorithms are
particularly suitable for the gesture recognition based on MES. The aforementioned embodiments make use of this
realization to provide a method 2 with enhanced MES classification accuracy.
[0098] The second recognition process 40 is carried out by a computer system 92.
[0099] Themethod2 continues, at step 50, by determining 50, basedon the first humanbodygesture 22and the second
human body gesture 42, the human body gesture 52 associated to the detected myoelectric signal 12.
[0100] The respective process step 50 is carried out by a computer system 92.

Various embodiments are possible at step 50:

[0101] According to an embodiment, if the first humanbody gesture 22, (i.e., the humanbodygesture 22 identified in the
first recognition process 20) and the second human body gesture 42 (i.e., the human body gesture 42 identified in the
second recognition process 40) coincide, this first/ second human body gesture 42 is determined as the human body
gesture 52 associated to the detectedmyoelectric signal 12. For example, if both the first and second recognition process
20, 40 find that the first/second human body gesture 22, 42 is a fist, this first/second human body gesture 22, 42 "fist" is
determined as the human body gesture 52 associated to the detected myoelectric signal 12.
[0102] According to anembodiment, the first recognition process20provides/calculates basedon themachine learning
model, a reliability measure associated with the first human body gesture 22. The reliability measure is associated with a
likelihood for the first human body gesture 22 to correspond to the detected myoelectric signal 12. In respective
embodiments, the human body gesture 52 associated to the detected myoelectric signal 12 is further determined based
on said reliability measure.
[0103] Calculationof the reliabilitymeasure is achieved, in embodimentswherein themachine learningmodel of the first
recognition process 20 is a convolutional neural network, by applying a loss function, preferably theSoftmax loss function,
at the loss layer of the convolutional neural network. The output of the loss function gives ameasure of reliability (reliability
measure) with which the detected MES can be assigned to the first human body gesture 22. In some embodiments, the
output of the loss function is determined for all training human body gestures, i.e., a measure of reliability is provided with
which the detected MES could be assigned to any of the training human body gestures. For example, the respective
outputs of the loss function could be:

training human body gesture output of the loss function
open hand 0.7
closed fist 0.03
flexion 0.42
extension 0.03
supination 0.17

[0104] In such a case, the training human body gesture with the largest output value of the loss function (here: open
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hand) has been selected as the first human body gesture 22.
[0105] In some embodiments, the first human body gesture 22 (in the abovementioned example, "open hand") is
determined as the human body gesture 52 associated to the detected myoelectric signal 12, if the associated reliability
measure exceeds a threshold value. In the abovementioned example, the threshold value is 0.4, the output of the loss
function for the gesture "open hand" is 0.7 and exceeds the threshold value, and "open hand" is determined as the human
body gesture 52 associated to the detected myoelectric signal 12.
[0106] In a variation of the respective embodiment, the first human body gesture 22 (in the abovementioned example,
"open hand") is determined as the human body gesture 52 associated to the detected myoelectric signal 12 if no other
training humanbodygesture has an associated reliabilitymeasure exceeding the threshold value. In the abovementioned
example, wherein the threshold value is 0.4, "flexion" also has an associated reliability measure exceeding the threshold
value. According to said criterion, a human body gesture associated with the detected MES 12 cannot be derived
unambiguously from the first recognition process20.Dependingon theoutcomeof the second recognitionprocess40, the
method 2 may determine either of the human body gestures "open hand" or "flexion" as the human body gesture 52
associated to the detected myoelectric signal 12.
[0107] In some embodiments, the first human body gesture 22 (in the abovementioned example, "open hand") is
determined as the human body gesture 52 associated to the detected myoelectric signal 12, if the associated reliability
measure exceeds any of the reliability measures associated with the other training human body gestures by another
threshold value. In theabovementionedexample, theother threshold value is0.25, theoutput of the loss function/reliability
measure for the gesture "openhand" exceeds theoutputs of the loss function/reliabilitymeasures for the other gestures by
0.67, 0.28, 0.67, and 0.53, i.e., by more than said threshold value, and "open hand" is determined as the human body
gesture 52 associated to the detected myoelectric signal 12.
[0108] In some embodiments, the first human body gesture 22 (in the abovementioned example, "open hand") is
determined as the human body gesture 52 associated to the detected myoelectric signal 12, if the associated reliability
measure exceeds a threshold value and if the associated reliability measure exceeds any of the reliability measures
associated with the other training human body gestures by another threshold value. In the abovementioned example, the
threshold value is 0.4, the other threshold value is 0.25, and "open hand" is determined as the human body gesture 52
associated to the detected myoelectric signal 12.
[0109] According to some embodiments, the similaritymeasure S described above in the context of the first recognition
process 20 is calculated for a given reference human body gesture 36 (or for the reference myoelectric signal 34
associated to the referencehumanbodygesture 36 according to the database record 32, respectively) only if the reliability
measure determined for this reference human body gesture 36 in the first recognition process 20 exceeds the threshold
reliability measure value. In the example given above, only the reliability measures determined for the human body
gestures "open hand" and "flexion" exceed the threshold reliability measure value of 0.4. Consequently, according to
respective embodiments, the similarity measure is calculated for - and preferably only for - the reference human body
gestures 36 "open hand" and "flexion", or for the corresponding reference MES 34, respectively. The reference human
body gesture 36 with the larger similarity measure is then determined as the human body gesture 52 associated to the
detected myoelectric signal 12. Respective embodiments minimize the computational effort spent on the second
recognition process 40, by making a preselection based on the first recognition process 20. In other words, the method
2 can be fast even if the computation of the similarity measure is computationally expensive, as the computation of the
similarity measure only needs to be performed on few preselected reference myoelectric signals 34.
[0110] According to a first one of three different embodiments, the first human body gesture 22 (in the abovementioned
example, "open hand") is determined as the human body gesture 52 associated to the detected myoelectric signal 12, if
any of the aforementioned criteria relating to the first recognition process 20/reliability measure(s) is fulfilled, independent
of the second recognition process 40. In this first embodiment, only if none of said criteria relating to the first recognition
process 20 is fulfilled, the result of the second recognition process 40 is taken into account at step 50. In other words, the
result of the second recognition process 40 is used only if the result of the first recognition process 20 is ambiguous.
According to a second one of three different embodiments, the first human body gesture 22 (in the abovementioned
example, "open hand") is determined as the human body gesture 52 associated to the detected myoelectric signal 12, if
any of the aforementioned criteria relating to the first recognition process 20/reliabilitymeasure(s) is fulfilled, and if the first
human body gesture 22 and the second human body gesture 42 coincide. In other words, the second recognition process
40 is used as a filter to avoid false positives delivered by the first recognition process 20. According to a third one of three
different embodiments, the human body gesture 52 associated to the detectedmyoelectric signal 12 is determined based
on a criterion relating to the second recognition process (for example, a similarity measure determined in the second
recognition process), with or without applying, in addition, a criterion relating to the first recognition process 20. In
respective embodiments, a second human body gesture 42 different from the first human body gesture 22 is in some
instances determined as the human body gesture 52 associated to the detected myoelectric signal 12. The three
embodiments are not mutually exclusive, but a combination of the three is possible, for example, by applying a selection
between the three embodiments based on the distribution of the reliability measure for the different training human body
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gestures.
[0111] According to an example of the method 2 according to said third embodiment, at step 50, for the same human
body gesture (e.g., "open hand"), the sum of the reliability measure (determined in the first recognition process 20, for
example as an output of a Softmax loss function of a convolutional neural network) and of the similarity measure
(determined in the second recognitionprocess40, for example asa value contained in a second fuzzy variablewhich is the
output of a fuzzy inference step, the value corresponding to said human body gesture) is calculated. In some embodi-
ments, the sum is calculated for all training human body gestures, but in other embodiments, the sum is calculated only for
those training human body gestures, for which one of the aforementioned criteria relating to the first recognition process
20/reliabilitymeasure(s) is fulfilled.The traininghumanbodygesture, forwhichsaidsum is the largest, isdeterminedas the
human body gesture 52 associated to the detected myoelectric signal 12.
[0112] Various embodiments of the method 2 are similar to the one described above in the preceding paragraph in a
sense that they apply, at step 50, similar process steps. However, instead of the sum of the reliability measure and the
similarity measure they use: a geometrical average of the reliability measure and the similarity measure, or: a nonlinear
function of a superposition of the reliability measure and the similarity measure.
[0113] Fig. 2 illustratesa computer-implementedmethod2according to analternative embodiment. Theembodiment of
Fig. 2 is similar to the embodiment of Fig. 1, in a sense that the embodiment of Fig. 2 contains the process steps of the
embodiment of Fig. 1. To avoid repetition, said process steps will not be described again. The method 2 according to the
embodiment of Fig. 2 contains various additional process steps (e.g., steps 30a, 10a, 10b, 44, 46, 48, 54). According to
different embodimentsof themethod (not shown), themethodcomprises theprocess stepsdescribed in the context of Fig.
1, and, moreover, any or any combination of the additional process steps (e.g., steps 30a, 10a, 10b, 44, 46, 48, 54)
described in the context of Fig. 2.
[0114] Themethod 2according to the embodiment of Fig. 2 comprises providing 30a the database30, i.e., the database
30describedabovecomprising thedatabase records32,whereineachof saiddatabase records32comprisesa reference
myoelectric signal 34 and a corresponding reference human body gesture 36 associated thereto.
[0115] Themethod 2 according to the embodiment of Fig. 2 comprises measuring 10a a continuous myoelectric signal
12 on a human body 70; and further comprises detecting 10b a beginning 16 of a non-resting phase in the continuous
myoelectric signal 12. The detection will be described in more detail below in the context of Fig. 4a, Fig. 4b.
[0116] Themethod2according to theembodiment ofFig. 2 comprises temporally stretching44 thedetectedMES12 toa
predefined duration 14. In the depicted embodiment, the temporally stretched, detected MES 12 is used both in the first
recognition process 20 and in the second recognition process 40. According to alternative embodiments (not shown), the
temporally stretched, detectedMES12 is used only in the first recognition process 20 or in the second recognition process
40, and the detected MES 12 is used without temporal stretching in the other recognition process 20, 40. The temporal
stretching 44 will be described in more detail below in the context of Fig. 4c, Fig. 5c.
[0117] The method 2 according to the embodiment of Fig. 2 comprises calculating 46 Mel Frequency Cepstrum
Coefficients based on the detected myoelectric signal 12. In the depicted embodiment, the calculated Mel Frequency
Cepstrum Coefficients are used both in the first recognition process 20 and in the second recognition process 40.
According to alternative embodiments (not shown), the calculatedMel Frequency CepstrumCoefficients are used only in
the first recognition process 20 or in the second recognition process 40, and the detected MES 12 is used without
calculating Mel Frequency Cepstrum Coefficients in the other recognition process 20, 40.
[0118] In themethod 2 according to the embodiment of Fig. 2, the second recognition process 40 comprises comparing
48 information62, 64 fromaspectrogram60of thedetectedmyoelectric signal 12 to information 62, 64 fromspectrograms
60 of the reference myoelectric signals 34. In the depicted embodiment, the information 62, 64 from the respective
spectrograms 60 are the Mel Frequency Cepstrum Coefficients calculated at step 46.
[0119] The method 2 according to the embodiment of Fig. 2 comprises actuating 54 motors 82 according to the human
body gesture 52 associated to the detected myoelectric signal 12.
[0120] According to an embodiment, the method 2 is a method 2 of controlling a prosthetic device 80, 90, which is,
according to anexample, a hand prothesis. In respective embodiments, the actuatedmotors 82 are themotors of the hand
prothesis. They are actuated such that the hand prothesis performs a gesture associatedwith the human body gesture 52
associated to the detected myoelectric signal 12. In some embodiments, the gesture performed by the prothesis is
identical to the human body gesture 52 associated to the detectedmyoelectric signal 12. In other embodiments, a gesture
database contains amapping between the human body gestures 52 which can be associated to the detectedmyoelectric
signal 12 in themethod2 (e.g., the traininghumanbodygesturesor the referencehumanbodygestures36)andpre-stored
gestures that the hand prosthesis is adapted to perform. In such embodiments, the gesture performed by the prothesis is
the pre-stored gesture associated with the human body gesture 52 associated to the detected myoelectric signal 12
according to the gesture database.
[0121] In alternative embodiments, the method 2 is a method for the analysis of sporting movement, a method 2 to
control adrone,amethod2 tocontrol a robot, amethod2 tocontrol a vehicle (for exampleacar, anaircraft or ahelicopter), a
method 2 to control an exoskeleton, amethod 2 to control an orthosis, amethod 2 to control a computer game, amethod 2
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to control a simulation,amethod2of recreational gaming,amethod2ofcontrol inavirtual and/or augmentedenvironment,
a method 2 of serious gaming, or a combination of one of the aforementioned. In respective embodiments, the actuated
motors 82 are the motors of the drone, of the robot, of the vehicle controller (e.g., a steering wheel controller), of the
exoskeleton, or of the orthosis, if the respective device comprises motors, or is a motorized device, respectively.
[0122] Fig. 3a,Fig. 3b illustrate spectrograms60aswell asasecond recognitionprocess40similar to theoneofWanget
al. in additional detail.
[0123] A spectrogram 60 is a representation of a signal, which may be an audio signal or a MES, in the time-frequency
domain, as illustrated in Fig. 3a, wherein the horizontal axis corresponds to the time t and the vertical axis corresponds to
the frequency f.More specifically, the spectrogram60 is a function, denoted by darkness values in Fig. 3a, of the time t and
the frequency f. To calculate the spectrogram60, the signal is segmented using a slidingwindow function and the resulting
segmentsare converted from the timedomain into the frequencydomain, as laid out indetail, e.g., inKrishnan,N.C.;Cook,
D.J: "Activity recognition on streaming sensor data," Pervasive Mob. Comput. 2014, 10, 138‑154. To obtain the spectro-
gram60, the segments converted into the frequency domain are assembledaccording to their starting time, their end time,
or an average of both.
[0124] In someembodiments,Mel FrequencyCepstrumCoefficientsare calculated from thespectrogram60, as laid out
in detail in Abdul, Z.K., Al-Talabani, A.K.: "Mel frequency cepstral coefficient and its applications: A review," IEEE Access
10, 122136‑122158 (2022). To summarize, the logarithm of the spectrogram 60 is calculated, a scaling to the Mel
frequency scale is performed, and, optionally, the so-obtained function of time t and frequency f is filtered.
[0125] As illustrated in Fig. 3b, peaks 62 are identified in the spectrogram 60, as laid out in detail in Wang et al. To
summarize, a two-dimensionalwindow (i.e.,with awidth bothalong the time t‑and the frequency f-direction) ismovedover
the spectrogram 60, and the maximum of the spectrogram 60 in this two-dimensional window is identified as a peak 62.
[0126] Then, any pair 64 of peaks 62 (i.e., peak pairs 64) are identified, for which the distance between the respective
peaks 62 of the pair 64 does not exceed a predefined distance in the spectrogram 60 (or in the time-frequency-domain,
respectively). For this purpose, a predefined distance is pre-selected both along the time t‑ and the frequency f-direction.
[0127] For each pair 64 of peaks 62, a hash is generated and stored. The hash contains: the frequency of the first peak
62, the frequency of the second peak 62, the amplitude of the first peak 62 (i.e., the value of the spectrogram 60 at the
positionof the respectivepeak62), theamplitudeof thesecondpeak62 (i.e., thevalueof thespectrogram60at theposition
of the respective peak 62), and the absolute difference between the times of the peaks 62. The hash is annotated with the
minimum of the times of the peaks 62. Notably, in embodiments, wherein the Mel Frequency CepstrumCoefficients have
beencalculated, theamplitudeof thefirst/secondpeak62 is contained in thehash in the formofaMelFrequencyCepstrum
Coefficient. In embodiments, wherein theMel Frequency CepstrumCoefficients have not been calculated, the amplitude
of the first/second peak 62 itself is contained in the hash.
[0128] The respective hashes are used in the second recognition process 40 as described above in the context of the
method 2 according to the embodiments of Fig. 1 and Fig. 2.
[0129] Fig. 4a, Fig. 4b, andFig. 4c illustrate themeasuring of amyoelectric signal 12, 34according to anembodiment. In
Fig. 4a, Fig. 4b, andFig. 4c, the horizontal axis corresponds to the time t and the vertical axis corresponds to the voltageV.
[0130] First, a continuous myoelectric signal 12, 34 is measured on a human body 70 using the electrodes of an
electromyograph, as describedabove in detail in the context of step10of Fig. 1, or as describedbelow in the context of Fig.
6. Inotherwords, themyoelectric signal 12, 34ofFig. 4a ismeasuredcontinuously onahumanbody70, namely in the form
of voltage values V_i and corresponding time stamps t_i.
[0131] Referring to Fig. 4b, theMES12,34 is filtered to removemains hum (which typically occurs at 50Hz or 60Hz and
at the respective harmonics) and to remove electrocardiographic signals, which originate from themuscle contractions of
the heart muscle. In other words, the dotted line 18 of Fig. 4b is subtracted to arrive at the filtered MES 12, 34 of Fig. 4b.
[0132] In Fig. 4b, a beginning 16 and an end 16e of the non-resting phase is detected in the continuous myoelectric
signal 12, 34. The detection is achieved by comparing, during the continuousmeasurement, the root mean square (RMS)
of the last three datapoints to the long-term average (e.g., the average over 1 min) of the RMS of the continuous MES 12,
14. In other words, the long-term average (e.g., the average over 1 min) of the RMS is used as a threshold both in the
determination of the beginning 16 and of the end 16e of the non-resting phase.
[0133] When the continuous measurement of the MES 12, 34 is started, a variable "bool_resting phase" is set to false.
When thevariable "bool_restingphase" is false, and theRMSof the last threedatapointsexceeds the long-termaverageat
amoment in time, the respectivemoment in time (i.e., the corresponding time stamp t_i) is identified as the beginning 16 of
the non-resting phase, and the variable "bool_resting phase" is set to true.When the variable "bool_resting phase" is true,
and theRMSof the last threedatapoints is below the long-termaverageat anothermoment in time, the respectivemoment
in time (i.e., the corresponding time stamp t_i) is identified as the end 16e of the non-resting phase, and the variable
"bool_resting phase" is set to false.
[0134] TheMES12, 34 (i.e., the pairs of voltage values V_i and corresponding time stamps t_i) from the beginning 16 to
the end 16e of the non-resting phase is provided as anMES, i.e., as the referenceMES34 or as the trainingMESor as the
detected MES 12.
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[0135] As illustrated in Fig. 4c, the MES 12, 34 (i.e., the voltage values V_i) from the beginning 16 to the end 16e of the
non-resting phase is optionally stretched to a predefined, or pre-selected, respectively, time duration 14. In some
embodiments, this means that the myoelectric signal 12, 34 is converted into data with a predetermined, or pre-selected,
respectively, number of data points, for example using interpolation and/or omission of data points. In respective
embodiments, the resulting MES 12, 34 (i.e., the pairs of voltage values V_i and corresponding time stamps t_i) is
provided as the reference MES 34 or as the training MES or as the detected MES 12.
[0136] Fig. 5a, Fig. 5b, and Fig. 5c illustrate the measuring of a myoelectric signal 12 according to an alternative
embodiment. In Fig. 5a, Fig. 5b, and Fig. 5c, the horizontal axis corresponds to the time t and the vertical axis corresponds
to the voltage V.
[0137] As illustrated inFig. 5a,acontinuousmyoelectric signal 12 ismeasuredonahumanbody70.This isperformedas
described above in the context of Fig. 4a, Fig. 4b, and Fig. 4c.
[0138] As illustrated in Fig. 5b, the MES 12 is filtered, resulting in the subtraction of the curve 18. The filtering is
performed as described above in the context of Fig. 4a, Fig. 4b, and Fig. 4c.
[0139] As illustrated in Fig. 5b, a beginning 16 of a non-resting phase is detected in the continuous MES 12. The
detection is performed as described above in the context of Fig. 4a, Fig. 4b, and Fig. 4c.
[0140] In contrast to themeasuring of Fig. 4a, Fig. 4b, andFig. 4c, themeasuring of Fig. 5a, Fig. 5b, andFig. 5c does not
wait for an end 16e of the non-resting phase to occur.
[0141] TheMES12, 34 (i.e., the pairs of voltage values V_i and corresponding time stamps t_i) from the beginning 16 of
the non-resting phase until the current moment in time 4 is provided as the detected MES 12.
[0142] Optionally, the respective detectedMES12 is stretched to the predefined duration 14 as illustrated in Fig. 5c and
described above in the context of Fig. 4c, and the resulting signal is provided as the detected MES 12.
[0143] Fig. 6 schematically illustrates an arrangement of sensors S1 - S9, for measuring a MES 12, 34.
[0144] In the depicted embodiment, the sensors S1 - S9 each comprise an electrode pair. In the prior art, the electrodes
of a respective pair are sometimes referred to as the reference electrode and the pickup electrode. The sensors S1 - S9
measure the voltagedifferences between theelectrodes of eachof the pairs (i.e., between the referenceelectrode and the
corresponding pickup electrode of the same pair) as theMES, i.e., as the detectedMES12, as the trainingMES, or as the
reference MES 34.
[0145] In another embodiment (not shown), the sensors S1 - S9 each comprise an electrode, and a reference electrode
(not shown) is provided above/over a position of/on the human body 70, wherein said position of/on the human body 70 is
physically distant from the sensors S1 - S9. Preferably, said position of/on the human body 70 is not located directly
above/over amuscle. The voltage differences between the reference electrode and each of the electrodes (whichmay, in
suchanembodiment, eachbe referred toaspickupelectrodes) aremeasuredas theMES, i.e., as thedetectedMES12,as
the training MES, or as the reference MES 34.
[0146] In yet an alternative embodiment, the MES is measured as described in the foregoing paragraph, but with the
reference electrode located at a position that is not on the human body.
[0147] The left panel of Fig. 6 illustrates the anatomy of a human arm and the muscles thereof according to a cross
section of the human arm.
[0148] The sensors S1 - S9 are arranged around the human arm, such that one of the sensorsS1 -S9 is associatedwith
one of the muscles therein.
[0149] The arrangement of the sensors S1 - S9 is further illustrated in the right panel of Fig. 6.
[0150] Themethod 2 preferably uses the output of each of the sensors S1 - S9. In other words, the detectedmyoelectric
signal 12 comprises a plurality of electric signals (for example, voltage signals) V1_i, V2_i, V3_i, ... V9_i, such that the
detected MES 12, for example, takes the following form:

Time V1 V2 V3 V4 V5 V6 V7 V8 V9
0.001 1.3 1.0 0.4 1.1 0.4 0.4 0.6 0.4 0.3
0.002 0.5 3.3 0.3 4.4 1.0 0.6 0.7 0.3 0.4
0.003 0.3 12.5 0.1 20.4 0.4 0.7 0.6 0.3 0.4
... ... ... ... ... ... ... ... ... ...

[0151] In respective embodiments, the training MES and the reference MES 34 are recorded using a similar arrange-
ment of sensors S1 - S9, and thus take a similar form.
[0152] As can be seen from the detected MES 12 according to the example above, the muscle contractions induce
significant voltages in the electric signals V2 and V4, whereas the electric signals V1, V3, V5 - V9 do not show significant
voltages.
[0153] The additional information contained in the electric signals V1 - V9, as compared to a dataset consisting of a
series of pairs of timestamps t_i andasingle series of corresponding voltagesV_i, improves theaccuracy of themethod2.
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[0154] Fig. 7 illustrates a motorized device 80.
[0155] The exemplary motorized device 80 is a prothesis 80, and more specifically, a hand prosthesis 80.
[0156] The hand prosthesis 80 provides several degrees of freedom implementedwith axes, the axes corresponding to
finger segments, metacarpals, etc., and joints connecting said axes. Said degrees of freedom are adapted to mimic the
degrees of freedom of a human hand.
[0157] According to an embodiment, when a human body gesture 52 associated to a detected myoelectric signal 12 is
determined using themethod 2 described above, themotors 82 are actuated tomove the hand prosthesis 80 such that its
movement mimics the human body gesture 52.
[0158] According to an alternative embodiment, when a human body gesture 52 associated to a detected myoelectric
signal 12 is determined using the method 2 described above, the motors 82 are actuated to move the hand prosthesis 80
such that its movement mimic a pre-stored gesture associated with the human body gesture 52 according to a gesture
database. Respective embodiments are particularly beneficial in situations, where human being wearing the hand
prosthesis 80 does not have all the muscles of a healthy subjects (as indicated, for example, in Fig. 6) and is unable
to perform, with his/her muscles, the gesture that the hand prosthesis 80 is supposed to carry out.
[0159] Fig. 8 illustrates a device 90.
[0160] The device 90 comprises a computer system92. The computer system comprises at least one processor 94 and
at least one memory 96.

LIST OF REFERENCE SIGNS

[0161]

2 computer-implemented method
4 current moment in time
10 detecting at least a part of a myoelectric signal
10a measuring a continuous myoelectric signal
10b detecting a beginning of a non-resting phase in the continuous myoelectric signal
12 detected myoelectric signal
14 predefined duration
16 beginning of the non-resting phase in the continuous myoelectric signal
16e end of the non-resting phase in the continuous myoelectric signal
18 background signal, hum, electrocardiographic signal
20 first recognition process
20a performing the first recognition process
22 first human body gesture
30 database
30a providing the database
32 database records
34 reference myoelectric signal
36 corresponding reference human body gesture
40 second recognition process
40a performing the second recognition process
42 second human body gesture
44 temporally stretching to the predefined duration
46 providing spectrogram information, calculating Mel Frequency Cepstrum Coefficients
48 comparing information from a spectrogram of the detected myoelectric signal to information from spectro-

grams of the reference myoelectric signals
50 determining the human body gesture associated to the detected myoelectric signal
52 human body gesture associated to the detected myoelectric signal
54 actuating a plurality of motors
60 spectrogram
62 peak in spectrogram
64 peak pair, correlation in spectrogram
f frequency
t time
I myoelectric signal
12p partial myoelectric signal
70 human body
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S1 - S9 electrodes
80 motorized device, prosthesis
82 motor
90 device, motorized device, prosthesis
92 computer system
94 at least one processor
96 at least one memory

Claims

1. Acomputer-implementedmethod (2) for associating a humanbodygesture (52) to a detectedmyoelectric signal (12),
the method (2) comprising:

detecting (10) at least a part of a myoelectric signal (12) as the detected myoelectric signal (12);
performing (20a)afirst recognitionprocess (20) todetermineafirst humanbodygesture (22)corresponding to the
detectedmyoelectric signal (12), wherein the first recognition process (20) is based on amachine learningmodel
trained on a training data base, the training data base comprising training myoelectric signals associated to
corresponding training human body gestures;
performing (40a) a second recognition process (40) to determine, based on a database (30), wherein the
database (30) comprises a plurality of database records (32), each of said database records (32) comprising a
referencemyoelectric signal (34) and a corresponding reference human body gesture (36) associated thereto, a
reference myoelectric signal (34) corresponding to the detected myoelectric signal (12);
determining a second human body gesture (42) as the reference human body gesture (36) associated according
to the database (30) with said referencemyoelectric signal (34) corresponding to the detectedmyoelectric signal
(12); and
determining (50), based on the first human body gesture (22) and the second human body gesture (42), the
human body gesture (52) associated to the detected myoelectric signal (12).

2. Themethod (2)according to claim1,wherein, if the first humanbodygesture (22) and the secondhumanbodygesture
(42) coincide, the first and/or the second human body gesture (42) is determined as the human body gesture (52)
associated to the detected myoelectric signal (12).

3. The method (2) according to claim 1 or 2,

wherein the first recognition process (20) comprises calculating, based on the machine learning model, a
reliability measure associated with the first human body gesture (22), wherein the reliability measure is
associated with a likelihood for the first human body gesture (22) to correspond to the detected myoelectric
signal (12), and wherein determining (50) the human body gesture (52) associated to the detected myoelectric
signal (12) is further based on said reliability measure;
wherein, optionally:
the first human body gesture (22) is determined as the human body gesture (52) associated to the detected
myoelectric signal (12) if the reliability measure exceeds a first threshold reliability measure value, in particular, if
the first human body gesture (22) and the second human body gesture (42) coincide.

4. The method (2) of claim 3,

wherein the first recognition process (20) further comprises calculating additional reliability measures,
wherein the additional reliability measures are associated with training human body gestures of the training data
base being different from the first human body gesture (22),
wherein each of the additional reliability measures is associated with a likelihood for the associated training
human body gesture to correspond to the detected myoelectric signal (12), and
wherein the first human body gesture (22) is determined further based on the additional reliability measures;
wherein, optionally:

the human body gesture (52) associated to the detected myoelectric signal (12) is determined as the first
human body gesture (22) if the reliability measure exceeds any of the additional reliability measures by a
second threshold reliability measure value, in particular, if the first human body gesture (22) and the second
human body gesture (42) coincide; and/or
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the human body gesture (52) is determined based on the second recognition process (40) and/or according
to the second human body gesture (42) if a difference between the reliability measure and at least one of the
additional reliability measures does not exceed a third threshold reliability measure value, in particular,
wherein the third threshold reliability measure value is the same as the second threshold reliability measure
value; and/or
in the first recognition process (20), the first human body gesture (22) is determined as the training human
body gesture for which the associated reliability measure is larger than the additional reliability measures, in
particular, larger than any of the additional reliability measures associated with any of the other training
human body gestures.

5. The method (2) according to any of the preceding claims, wherein a similarity measure associated with the second
human body gesture (42) is determined in the second recognition process (40) based on a similarity metric between
the detected myoelectric signal (12) and the reference myoelectric signal (34) corresponding to the detected
myoelectric signal (12), and wherein the human body gesture (52) associated to the detected myoelectric signal
(12) is further determined based on said similarity measure,

wherein, optionally,
the second recognition process (40) comprises:

determining respective similarity metrics between the detected myoelectric signal (12) and at least some or
all of the reference myoelectric signals (34) comprised in the database records (32); and
determining the similarity measure associated with the second human body gesture (42) based on said
similarity metrics;
for example, wherein the second human body gesture (42) is selected as the reference human body gesture
(36) for which the similarity metric between the reference myoelectric signal (34) associated with said
reference human body gesture (36) according to the database (30) and the detectedmyoelectric signal (12)
is the largest,wherein, preferably, thesimilaritymeasure is derived fromor is thesimilaritymetric between the
reference myoelectric signal (34) for which the similarity metric is the largest and the detected myoelectric
signal (12);

and/or
wherein, optionally,
thehumanbodygesture (52) associated to thedetectedmyoelectric signal (12) is determinedbasedona function
of the similarity measure and of the reliability measure of claim 3;
and/or
wherein, optionally,
thehumanbodygesture (52) associated to thedetectedmyoelectric signal (12) is determinedbasedona function
of the similaritymeasure andof the reliabilitymeasure of claim3andof the additional reliabilitymeasures of claim
4.

6. The method (2) according to any of the preceding claims,

wherein, according to afirst alternative, the second recognitionprocess (40) appliesa fuzzy logic to determine the
reference myoelectric signal (34) corresponding to the detected myoelectric signal (12);
wherein, optionally:

the fuzzy logic comprises or is a fuzzy audio logic or a fuzzy audio search algorithm; and/or
the second recognition process (40), to determine the referencemyoelectric signal (34) corresponding to the
detectedmyoelectric signal (12), uses at least one or exactly one of the following: a fuzzy inference based on
aparameter derived fromaspectrogramof the detectedmyoelectric signal (12), a fuzzy inferencebasedona
multi-point correlation derived fromaspectrogramof the detectedmyoelectric signal (12), anEvolvingFuzzy
Neural Network, a Gaussian Mixture Model, a Hidden Markov Model;

and/or
wherein, according to a second alternative, the machine learning model comprises or is a convolutional neural
network,
wherein, optionally:
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the machine learning model is trained on the training myoelectric signals provided in the form of time-
dependent myoelectric signals, in particular in the form of time-dependent myoelectric voltage signals or in
the form of spectrograms; and/or
the convolutional neural network is trained using training myoelectric signals detected on said human body;
and/or
the convolutional neural network is trained using training myoelectric signals detected on different human
bodies.

7. The method (2) according to any of the preceding claims,

wherein, according to a third alternative, the second recognition process (40) comprises: comparing (48)
information (62, 64) from a spectrogram (60) of the detected myoelectric signal (12) to information (62, 64)
from spectrograms (60) of the reference myoelectric signals (34);
wherein, optionally:

the fuzzy logic according to claim6 is applied in comparing the information (62, 64) from thespectrogram (60)
of the detectedmyoelectric signal (12) to the information (62, 64) from the spectrograms (60) of the reference
myoelectric signals (34); and/or
the information (62, 64) from the spectrogram (60) of the detected myoelectric signal (12) comprises or is a
multi-point correlation (64), such as a two-point correlation (64), derived from the spectrogram (60) of the
detected myoelectric signal (12), and the information (62, 64) from the spectrograms of the reference
myoelectric signals (34) comprises or is a multi-point correlation (64), such as a two-point correlation (64),
derived from the spectrograms (60) of the reference myoelectric signals (34);

and/or
wherein, according to a fourth alternative, the method (2) comprises calculating (46) Mel Frequency Cepstrum
Coefficients based on the detected myoelectric signal (12); and
wherein:

the first human body gesture (22) is determined in the first recognition process (20) based on the calculated
Mel Frequency Cepstrum Coefficients; and/or
the reference myoelectric signal (34) corresponding to the detected myoelectric signal (12) is determined in
the second recognition process (40) based on the calculated Mel Frequency Cepstrum Coefficients and
based on Mel Frequency Cepstrum Coefficients associated with the reference myoelectric signals (34);

wherein, optionally:

thesecond recognitionprocess (40) comprises comparing the information (62, 64) from thespectrogram (60)
of the detectedmyoelectric signal (12) to the information (62, 64) from the spectrograms (60) of the reference
myoelectric signals (34), wherein the information from the spectrogram (60) of the detected myoelectric
signal (12) comprisesor is the calculatedMel FrequencyCepstrumCoefficients, and the information from the
spectrograms (60) of the reference myoelectric signals (34) comprises or is the Mel Frequency Cepstrum
Coefficients associated with the reference myoelectric signals (34); and/or
themethod (2) comprises the features according to the first alternative of claim 6, wherein the calculatedMel
Frequency Cepstrum Coefficients and the Mel Frequency Cepstrum Coefficients associated with the
reference myoelectric signals (34) are compared using the fuzzy logic;

and/or
wherein, according to a fifth alternative, said database records (32) correspond to or comprise the reference
myoelectric signals (34) temporally stretched (44) to a predefined duration (14).

8. The method (2) according to any of the preceding claims, wherein detecting (10) the myoelectric signal comprises:

measuring (10a) a continuous myoelectric signal, preferably on a human body;
detecting (10b) a beginning (16) of a non-resting phase in the continuous myoelectric signal; and
providing the continuous myoelectric signal measured since the beginning (16) of the non-resting phase as the
detected myoelectric signal (12);
wherein, optionally:
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the beginning (16) of the non-resting phase is detected in the continuous myoelectric signal according to a
first pre-defined threshold; and/or
detecting (10) themyoelectric signal on the humanbody comprises detecting an end (16e) of the non-resting
phase in the continuous myoelectric signal, wherein the continuous myoelectric signal measured since the
beginning (16) of the non-resting phase and until the end (16e) of the non-resting phase is provided as the
detected myoelectric signal (12), wherein, preferably, the detected myoelectric signal (12) is temporally
stretched to the predefined duration (14) of claim 7;
wherein, optionally, the end (16e) of the non-resting phase is detected in the continuous myoelectric signal
according to a second pre-defined threshold;

or
wherein, optionally:
thedetectedmyoelectric signal (12) is provided, prior to theendof saidnon-restingphase, asapartialmyoelectric
signal (12p), and wherein the first recognition process (20) and/or the second recognition process (40) are/is
performed based on said partial myoelectric signal (12p);
wherein, optionally, the first recognition process (20) and/or the second recognition process (40) comprise/s
temporally stretching the partial myoelectric signal (12p), for example to the predefined duration (14) of claim 7.

9. Themethod (2) according to any of the preceding claims, wherein themyoelectric signal is detected using at least 5 or
at least 7 or at least 9 electrodes (S1 - S9) placed at different positions on the human body (70);
wherein, optionally:

the detected myoelectric signal (12) comprises a plurality of signals each measured between at least two, for
example between a pair, of said electrodes (S1 - S9); and/or
the referencemyoelectric signals (34) comprised in the database records (32)were detected using at least 5 or at
least 7 or at least 9 electrodes (S1 - S9) placed at different positions on the human body (70), and preferably the
reference myoelectric signals (34) comprised in the database records (32) each comprise a plurality of signals
each measured between at least two, for example between a pair, of said electrodes (S1 - S9).

10. The method (2) according to any of the preceding claims,

wherein, according to a sixth alternative, the method (2) comprises providing (30a) the database (30);
and/or
wherein, according a seventh alternative:

the database records (32) comprise data-compressed representations of the reference myoelectric signals
(34);
the method (2) comprises creating a data-compressed representation of the detected myoelectric signal
(12); and
the second recognition process (40) is performed to determine the reference myoelectric signal (34)
corresponding to the detected myoelectric signal (12) based on the respective data-compressed repre-
sentations of the detected myoelectric signal (12) and the reference myoelectric signals (34);
wherein, optionally:

the data-compressed representation of the detected myoelectric signal (12) is created according to an
audio data compression technique, such as an audio data compression technique based on psychoa-
coustics; and/or
the data-compressed representations of the reference myoelectric signals (34) are data-compressed
representations according to an audio data compression technique, such as an audio data compression
technique based on psychoacoustics;

and/or
wherein, according an eight alternative, themethod (2) further comprises actuating (54) a plurality of motors (82)
according to the human body gesture (52) associated to the detected myoelectric signal (12);
wherein, optionally:

saidmotors (82) arecomprised inamotorizeddevice (80, 90) selected fromoneof the following: aprosthesis,
an orthotic device, an exoskeleton, a vehicle control; in particular, wherein themotorized device (80, 90) is a
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prosthesis, such as a hand prosthesis; and/or
wherein the plurality of motors (82) is actuated to mimic the human body gesture (52) associated to the
measured myoelectric signal (12), for example to mimic the identified human body gesture (52) with said
motorized device (80, 90).

11. A method (2) of controlling a prosthetic device (80, 90), the method (2) comprising:

performing the computer-implemented method (2) according to any of the preceding claims for associating a
human body gesture (52) to a detected myoelectric signal (12); and
actuating (54) a plurality of motors (82) according to the human body gesture (52) associated to the detected
myoelectric signal (12);
wherein at least some motors of the plurality of motors (82) are motors of the prosthetic device (80, 90);
wherein, optionally, theplurality ofmotors (82) is actuated tomimic thehumanbodygesture (52) associated to the
measured myoelectric signal (12) with said prosthetic device (80).

12. Acomputer programcomprising instructionswhich,when thecomputerprogram isexecutedbyacomputer, cause the
computer to carry out the method (2) according to any of the preceding claims.

13. Adevice (80,90) comprisingacomputer system(92), thecomputer systemcomprisingat least oneprocessor (94)and
at least one memory (96), wherein the computer system (92) is adapted to:

receive a detected myoelectric signal (12);
perform (20a) a first recognition process (20) to determine a first human body gesture (22) corresponding to the
detected myoelectric signal (12), wherein the first gesture recognition process (20) is based on a machine
learningmodel trained on a training data base comprising trainingmyoelectric signals associated to correspond-
ing training human body gestures;
access a database (30) comprising a plurality of database records (32), wherein each of said database records
(32) comprises a reference myoelectric signal (34) and a corresponding reference human body gesture (36)
associated thereto;
perform (40a) a second recognition process (40) to determine, based on the database (30), a reference
myoelectric signal (34) corresponding to the detectedmyoelectric signal (12), and to determine a second human
body gesture (42) as the reference human body gesture (36) associated with said reference myoelectric signal
(34) according to the database (30); and
determine (50), based on the first human body gesture (22) and the second human body gesture (42), the human
body gesture (52) associated to the detected myoelectric signal (12).

14. The device (90) according to claim 13, which further comprises:

an electronic measurement system adapted to detect a myoelectric signal on a human body (70), and to provide
the detected myoelectric signal (12) to the computer system (92) for said receiving of the detected myoelectric
signal (12); and/or
a plurality ofmotors (82), wherein thedevice (80, 90) is adapted toactuate theplurality ofmotors (82) according to
the human body gesture (52) associated to the detected myoelectric signal (12); and/or
a database memory that said database (30) is stored on.

15. The device (80, 90) according to claim 13 or 14, wherein the device (80, 90) is one of the following: a prosthesis, an
orthotic device, an exoskeleton, a vehicle control; in particular, wherein the device (80, 90) is a prosthesis, such as a
hand prosthesis.
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