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Rapid Prosthesis Design Based on
Movement Decomposition

lonescu Valeriu and Zafiu Adrian

series of problems in electrical engineering whent ver

Abstract—The human body is a complex system because of long electrical wires. Neurons have quite long adherefore

the way our neural system works in both acquiring dta from
the exterior and providing an adequate response imeal time.
Because of this, the development of an artificial rpsthesis that
matches the behavior of the biological sensorial stem, the
motor capability (such as size and weight) has haghly limited
success and high production costs. This paper pressra novel
architecture that reduces the cost and developmentme of
prosthetic hand, improves the quality of the seleed signals used
for prosthetic control and insures flexibility for the
implementation of future prosthetic modifications.

Index Terms— prosthesis design, remote access, prosthetic

design system, Surface-ElectroMyographic Sensor, dos

reduction, movement decomposition

. INTRODUCTION

The development of prosthetic hands is a commlegess
that in recent years took advantage of the evaiuiio
micro-technologies and surgery, in many cases ghsding
the implementation costs. In order for a solutionhve
industrial success, it has to combine good serisand
behavioral characteristics with a low productiorstc\Iso,
the solution has to be easily adapted to a largabeu of
patients. The necessity of a lower cost usuallyshasgative
feedback effect on the number of used sensorgjuhlty of
materials, system weight, etc.

This paper presents in the beginning an overviesewéral
aspects regarding the prosthesis development @omed
outlines the areas that lead to high developmestsco

Starting from the outlined aspects, a new architecfor
the hand prosthesis design process is proposedarts that
has the advantages that: reduces the cost andogeweht
time of prosthetic hands, improves the qualityhef selected
signals used for prosthetic control and to
implementation flexibility for future prosthetic miications.

1. NEURAL SIGNAL STRUCTURE

Neurons employ different types of electrical signal
encode and transfer information, as responsegalgtsuch
as light, sound, or heat. The use of electricalagpresents a
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a system of action potentials (which are also dal#pikes”
or “impulses”) is present in the nervous systent #ilows
sending electrical signals over great distances.

The action potential of a given neuron is of tyf@anone,
because it occurs fully or not at all. If the ample or
duration of the stimulus current is increased sigfitly,
multiple action potentials occur (as seen fronrésponses to
different current intensities in Fig. 1); therefdhe intensity
of a stimulus is encoded in the frequency of acfiotentials
rather than in their amplitude.

This arrangement differs from receptor potentialspse
amplitudes are proportional to the magnitude ofgblsory
stimulus, or synaptic potentials, that varies adicay to the
number of synapses activated and the previous anafun
synaptic activity.

The signal sources for the human hand are multpk
have a complex structure, with the following maerves:
radial (supplies the dorsal muscles to most obihiek of the
hand); ulnar (the only unprotected nerve that dmgserve a
purely sensory function, innervating muscles in fihvearm
and hand); median (it runs down the arm and forgaith no
motor innervations in the upper arm, and innervatest of
the flexors in the forearm).

This leads to sources of “noise” (that need fiftgjicoming

from nearby muscles that may not come only from the

interference due to the thermal or electrical nbisealso the
presence of other neural signals. This may legdblems in
determining the positioning of biomedical sensons ¢he
need for intramuscular (surgically implanted) sesso

In order to control the artificial hand, the filtian stages
shown in Fig. 3 are usually used, as shown in32] [

The digital system that acquires data from
Surface-Electro Myographic Sensors (placed on #iept's
hand) has to filter chains of impulses, in orderetdract

INSUrgonscientious commands.

At a higher processing level in the control arattitiee for
the prosthetic hand, due to the signal structureaaifon
potentials encoding, the identification requiresttqra
recognition software (such as neural networks prydogic).
The long training process of this software, presida its
hardware implementation, is essential.

The filtration stages range from low-level (hardgjato
high-level (software):

- To increase the signal-to-noise ratio of thereffié neural
signals recorded. The use of specific algorithmisliriti
deconvolution” algorithms, cross-time-frequency
representations, or principal component analysiegcessary
in order to decompose the neural signals elimigatie noise
components;
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Fig. 1 The intensity of a stimulus (a) is encodethe frequency of action potentials (b) onlyiheeshold level is crossed [1]
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Fig. 2 System architecture for task discrimination

- A system for the extraction of different time @nequency
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Fig. 3 Signal used for testing the filtering andadimination
techniques
1. SYSTEM ARCHITECTURE

Based on the previous analysis, the systems actlnite
presented in this paper allows the patient (thahghuse of
computer software and a data acquisition systerdingé¢he
supervision of only a medical technician) to sdraldata to a
remote processing location in similar fashion to
telemedicine system architecture [4], [5]. Thisoa# local
centers (or even mobile medical assistants) todntevith the
patients, whereas the data will be processed grehdsed by
qualified specialist doctors in a central location.

This will also allow the development of a limitedmber of
high performance/qualified supervising centre, aast of
multiple local centers with lower quality equipmefthbus
reducing development and implementation costs)\ring
data centralization (different cases can be easilypared
and studied in parallel) and the reduction of cdetsthe
patients for accessing high performance medicalitfas
through the use of internet connections.

- A software system for the discrimination of thesk
desired (based on neural networks or fuzzy) thatulsh
identify and compose an anatomically correct actamthe
hand.

As a final consideration, all commands given byrteesous
system give feedback from multiple sources suchascle
status feedback or peripheral skin sensors. Thishamsm
may be implemented in the prosthetic design by gusin
feedback sensors (with a certain increase in dvewsl) or by
software limiting the movement of the prosthetiaithdo an
anatomically correct movement sequence.

This is an original architecture, as no other smil
architectures have been proposed for this desim ar

A general view of the proposed system architeciare
presented in the Fig. 4.

The architecture has two major components: sender s
and client side:
a The client side Its role is to read the biosensor data, to
transmit it to the server through internet and ldigpa
graphical representation of the interpreted dataived from
the sensors. Its components are:

1.Biosensor data acquisition board for reading thi& da
from the sensors and transmitting it to the cl@hputer that
will interpret it and relay it to the server. Inder to improve
the connectivity and to ensure a future-proof soiyta
PIC-MAXI TCP-IP development board was used. The
biosensor choice will be presented further in tapgy.

2. Graphical interface tool that allows the patiensee the
feedback of his actions [6].

(Advance online publication: 1 February 2010)
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Fig. 5. Graphical User Interface allows visual fegck for the patient and doctor

The constraints for this implementation were tHag¢ t The client interface also offers an interface fatad
hardware requirements on the client computer mastbe  submission as part of the initial EMG (Electro Myaghic)
excessive and the response should be adequégsts. Thisinterface allows the medical technitieselect the
(real-time).Because real-time games have provenrdgml Mmuscles tested, in order to provide to the sera¢alzhse the
time communication is easy to implement with litleinformation necessary to catalogue the sequentest.
bandwidth requirements the first implementationse@@L 3. Client network communication interface with two
and DirectX were early implementations but for éast components: one that allows sending data colleftted the
development Microsoft XNA Game Studio was latercuse 2cauisition board to the remote server for procgssind

The DirectX implementation of the user interfacprissented s!mulat!on, and the othgr gllowmg the reception thé
in Figure 5. simulation results and their display on the loaadth

The server side it has the complex role of readingvalue impacts the transmission latency as the semié
biosensor data from the client application whilefiag track provide data slower as it will have to perform rip
of multiple simultaneous communications; simulatingimultaneous simulations).
prosthesis behavior based on the actuator datee¢sio a 2. Medical supervisor graphical interface: allowse t
database); generating the graphical data for tmaillation doctor to monitor the pattern recognition procesgggmed
running at the client side; and offering a userpbieal by the server. The doctor offers a supervisory:riflé is
interface for the doctor in order to monitor thenglation necessary (for example certain signals during HEect
process and intervene if it is necessary. Its corapts are:  Myographic tests have a low SNR ratio), the doctor select

1. Server network communication interface is mora series of tests that should be redone by theteemedical
complex then the client’s interface. The interfé&able to technician. This allows the doctor to analyze ditan
receive the biosensor data and keep track of nhltipseveral tests in less time.
simultaneous communications. A limit of the numibsr 3. Recorded Sensor Information Database is thé dine
simultaneous communications may be necessary sty the most important component that contains seqeen€e
vary according to the server's simulation powerldeger EMG data recorded from the patient and the chdiasomic
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movements resulted from the analysis of this datpattern 100
recognition algorithm selects the most likely zofes the
placement of Surface EMG sensors. s 80
Using Surface-Electro Myographic (S-EMG) Sensors 23 60
ensures flexibility and their placement can be aheitged by a = §
software application. For a certain position of femsors, a § § 40
single sequence of atomic movements (combiningemifft O 5
properties of the measured EMG data) determines a o

movement of the prosthesis. If the placement ofSHEMG
sensors is changed a different sequence of atomiements
may be selected for prosthesis command by the aadtw

Surface EMG 10 intra- 6 intra-
muscular EMG muscular EMG

Fig. 7. Comparison of classification accuraciesedasn
the surface EMG and intramuscular EMG [8]

The architecture’s workflow is presented in theufig8.

The first stage is the analysis of the signalshef hand
performed by medical technician at the patientimpoter.

The acquired data is sent asynchronously to theteedata

Surface EMG sensors have proven to be nearly iblel SE€rVer for analysis/processing. _ _
as intramuscular EMG when an adaptive neuro-fuzzy The simulation results are downloaded in the pexth
inference system or neural network (when used @ystem and the patient can start the training usirgocal
combination with the auto-regressive parametersi§8lised graphical interface.
for neural task discrimination. The accuracy of thaning If the training does not lead to optimal resultatignt data
results ranges for SEMGs from 86% to 96%. can be re-sent and re-tested. All training datadsitored for

Surface EMG sensors are also preferred becauge if future software improvement.
patient does not handle well the prosthesis aftertitaining As seen in the architecture’s workflow, the firstge is the
period (necessary for the patient to get usedd@tbsthetic) analysis of the signals of the hand performed bylicad
the training process can be redone consideringné¢hedata technician. Because of the differences in the huimand
with no extra costs for the patient (a surgic&tivention is structure from person to person, the analysisritzer long
not necessary). process (up to six hours or more depending on tingber of

This is a sensitive part of the system as the dlgorused nerves/muscles tested) that implies the followasd< [1] [9]:
should identify the best movement data for a specif
prosthetic.

Fig. 6 Surface-Electro Myographic Sensors [7]
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Fig. 8 The workflow of the proposed architecture
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Nerve conduction studies small electrical pulses are
given to the nerves that go over the muscles thramall
electrodes. The nerve is then stimulated withwhihactivate
the muscle. The time it takes for the stimulusdach the
muscle (called the conduction velocity) is recordsd a
machine. The common nerves tested are the mediaa aed
the ulnar nerve, and the test takes from 15 minaiesone
hour. The results obtained from these tests ar&ulubeat
cannot be used alone as basis for the prosthesismamt (an
electroneurogram (ENG) has problems
dimensions, and drifts [3]).

Electro Myography tests uses two electrodes, one placed

on the skin near the muscle to be analyzed anddbend is
pushed into the muscle to be tested, and meadweenuscle
activity. It takes a long time ranging from 45 mesiup to 2
hours. The patient has to recover after these ésstdections
may appear due to the insertion in the muscle efsérond
electrode.

These tests are important as the recorded datditates
the basis for the analysis that will determine $kquence of
signals that the patient can control most easilg ireliable
way. In a hospital, the training requires the pneseof both a
doctor and a technician; however most of the adesding is
performed by the technician and does not requé@thsence
of a doctor, especially if the data will not be deé for sensor
implant surgery.

In our proposed architecture the doctor can adbesdata
downloaded in the server by the client software atehy
through the use of a graphical interface, thusaatig him to
analyze a greater number of patients from a siagleess
point in the normal working hours (even if the patiis in a
different time zone).

Regarding the structure of the database, it isgs2cg to
note that in order for a robotic prosthetic limbftmction
several components must be designed for the patizody:

with SNR,

2.the complex movement is broken into atomic paré th

target each of the device’s actuators;

the variation of the parameter (or parametersefdtare
elements with more freedom degrees) is determined;

the parameter variation is correlated in time ideorto
obtain an atomic movement;

the number of atomic movements found must be
minimized in relation to the maximization of thenmoer
of complex movements resulting from the combinatibn
atomic movements. Therefore the atomic movemeats th
produce the maximum number of complex movement
chains must be selected,;

.the resolution of the biosensor system is idemtifie
according to the patient’s possibilities;

several complex atomic movement chains (the reskulte
complex movement) are chosen — the criteria is ttiat
movement must be easily controlled consciouslyhey t
patient;

.the final relation is made between the resultedpiem
movement combinations and the biosensor data by
attributing movement combinations to specific senso
patterns;

3.
4.

5.

6

7.

The scope of the two coding levels: “biosensess
complex movement” and “complex movement atomic
movements” is to extend the coverage area of theaoand
command system: minimize the number of sensorseatetxd
determine a complex movement and reduce
implementation costs by reusing a large humbertoii
movements.

On the other hand modular implementation of thedclog
integrated in the robotic prosthetic leads to daéiglegree of
adaptability and further reduced training costse $iistem is
therefore transformed in a general framework fasigleng
intelligent prosthesis.

the

- Biosensors that detect signals from the nervaus o

muscular systems;

V. IMPLEMENTATION RESULTS

- Sensors that provide feedback for the prosthesis cyrrently the system is implemented at experimental

movement (ex. force meters and accelerometers);

- An actuator that performs the actions of a mugtle
producing force and movement;

- A controller that gathers data from the biosessord
sends the commands from the patient’s body to ¢heators
of the device. The controller must correctly idgntihe
feedback from the mechanical and biosensors togée This
is essential for the intelligent prosthesis andtrbeghe result
of a good training process.

The architecture presented uses a high-end seover
analyze the biosensor data and identify, by usisgfaware
simulator — based on a large database of pre4egisimples
— the best function for the controller in ordergive the
correct actuator response. The server performiegdita
analysis/simulation will communicate with the clien
computer through the internet.

The natural movements of a limb (be it hand or lag
formed of base actions (movements) described binstot
commands that must be given to each element tmapases
the prosthesis.

The database creation, based on movement decoipgsit
is performed as follows:

1. the complex movement of a limb is recorded,;

stage, with accent on the development of the gcaphi
interface and the data acquisition and processingponents.

During the testing, several aspects were observed
regarding the synchronization between the biosedsta,
simulation data and the graphical feedback reach fthe
server when tests were performed in high latentyards. In
this regard the variations in network latency hadegative
effect on transmission quality and also on thealifeedback.
Timestamps were included with the simulation paekap
drder to reconstitute the simulation data corregtiye server
side. TCP protocol was used for data transmisssopagket
loss for the application is not acceptable. Théahnerve
conduction studies and Electro Myographic testsewst
affected as they do not require real time trandoiss

The biggest drawback in automatic prosthetic dessgn
the creation of a valid system of extracting thasmientious
actions that a patient makes in order to contrelptosthesis.
If the starting data is not valid the simulatioaifting will not
have optimal results. If, however, the system isremily
identified, it can be directed to perform a rangenwéde as
possible of the patient's needs. Therefore the ialistts
doctor’s data analysis is compulsory.

(Advance online publication: 1 February 2010)
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A positive aspect of the approach presented inptfser
is that the system has a high degree of adapiabilti
functionality can be adjusted and extended by nyodijfthe
software, still keeping track of limits of the hamatre
implementation. In time, as the patient gets usé&t the

prosthetics, the resolution of the commands givelh wyy

increase therefore the control on the values setitetdevice
will improve. Accordingly, new complex movementadae
then introduced, or present movements can be furtfieed.

At present the system implemented does not use

authentication and the data sent is not encryptexckfore the
load influence was not analyzed on the client caepor on
the server — a further module for
authentication may be necessary in the proposéditecture
between the client and the server applicationsrdento
prevent attacks with similarly structured packad€s.

V. CONCLUSIONS

This paper presented an original architecture of a

telemedicine system that helps the design of rolpotisthetic
limbs and patient training, helped by a graphiotdriface.
Prosthesis design is a complex process that takesga
time and implies many additional costs especially the
patient. The process can be simplified by desigaimgobile

hardware module able to acquire data from the pigdie

location and transfer it to a specialized medicaiter for
processing and prosthesis design. The softwarallegton
the patient’'s computer can handle data transmigbiaugh

internet to the medical server and the local greadhi

representation of the prosthesis movement for piatiaining
monitoring. The software in the specialized medioahter
handles the data received from the patient byrgatiin a

recorded movement database and performs softwétermpa

recognition and data simulation for identifying ipat's
actions and designing the software that will be edaed in
the patient’'s prosthetic. Data transmission froniepa to
server is performed in asynchronous mode in omedlow
its analysis in convenient working hours for thetdo even if
the patient is in a different time zone. The prgabsolution,
by using an architecture specific to telemedicioe the
design process, helps to reduce design costs by:

-eliminating movement costs for patient and the tose
due to patient processing in a specialized medieater;

-cutting the costs for the development of localteenfor
patient processing by removing the need to insiadlicated
professional equipment and training specialist aiectto
work in these centers;

-increases the number of cases a doctor can anhblyze

using computer to present the signals acquisitidrad the
patient and by proposing a sensor implementatitiepaas a
result of computer simulation.

-allows patient training at home with the possipilof
sending the training data to a medical center #amate
monitoring.

-the implementation of the mobile unit available the
patient is light and simple medical technicians barnrained
to install the software, to execute the
Electro-Myography tests and to apply the surfacsdmsors
to the patient for correct signal acquisition.

encryption and

- the server system/software can be improved réggsdo
the client system/software as long as the excharmtzd
package structure remains the same.
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