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Abstract—Hand amputees would highly benefit from a robotic A% e
prosthesis, which would allow the movement of a number of fin- B\'\ °
gers. In this paper we propose using the electromyographic signals o o .
recorded by two pairs of electrodes placed over the arm for oper- o - b

. . - ; C—— s
ating such prosthesis. Multiple features from these signals are ex- I 2
tracted whence the most relevant features are selected by a genetic Tak — -
algorithm as inputs for a simple classifier. This method results in a f = Elhradsfare Electrode Pair 1

probability of error of less than 2%.

Index Terms—Assistive devices, electromyography (EMG), ge- Fig. 1. Location of the recording electrodes. The electrode pairs are attached
netic algorithms (GA). to the superficial layer of flexors. This is advantageous compared to recording
locations over the extensor muscles because the flexor muscles are triggered
before actual movement of the finger.

. INTRODUCTION

N cases of hand amputation, there is a need for a way to Il. MATERIALS AND METHODS

control a robotic replacement hand. Although the hand is
missing, the muscles in the forearm, which are responsigi(_a
for finger movement, usually remain, and can be flexed. This
muscle activity can be read as electomyographic (EMG) signalsFour healthy subjects (males, aged 19 to 27 years old) partici-
by placing electrodes on the forearm. The objective of thigated in the study. The subjects did not suffer from neurological
study is to use these EMG signals to successfully identify whef muscular disorders. Informed consent was obtained from the
a finger is activated and which finger is activated. subjects.

The physiological basis for this paper is that the muscles op-gypjects were seated in an armchair, with their arm supported
erating articulations of the limbs are located above them. FgRq their right hand fixed to a board with five microswitches,
example, amputation below the wrist does not usually damage under each finger. The microswitches required 400 [gm] of
the muscles operating the fingers, which are situated in the agpessure for activation. Their maximal movement was 1 [mm].
However, previous studies [1]-{4] have shown that there is Age subjects were asked to randomly select and press one of the
one-to-one mapping of muscles to fingers. Operating a fing@fe buttons with a brief delay between each press. No feedback
causes activation in a number of muscles, some of which §jgs provided except for the microswitch movement. The sub-
associated with other fingers. Thus, itis imperative that the preets were instructed not to use maximal force as it was found
cessing algorithm be capable of correctly associating the actiyga this causes muscle coactivation of other fingers and pro-

tion caused by several muscles to the correct finger movemegiiced inferior results. No multiple switches were closed at the
Most previous studies of EMG classification to specifiggme instant.

mqvemr(-]znts have focuzeg ?n extraction of forearn|1 Movemenp ssive electrodes were placed over the flexor muscles of the
using the EMG recorded from upper arm muscles [S|-{[7}ign: forearm (as can been seen in Fig. 1), with one pair ap-

One study which attempted to classify finger movements [ oximately 5 cm distal to the elbow (denoted as electrode pair

used sgveral learning techniqqes, such as perceptron lINBAL g 5 Gther pair approximately 5 cm proximal to the wrist
separation an_d a backpropagg_non-type r_1eural .”.etW_O”‘- Thesifit (denoted as electrode pair 2). The electrodes (Myo-Tronics
tgchnlques y|e!dgd _probab|I|t|e§ of mlscIaSS|f|gat|ons tog o-Trode) were Ag-AgCl surface electrodes, circular, with a
high for a realistic implementation (recent studies reach dyim diameter. The electrode pairs were placed 4 cm apart, at

' 9 ) i
approximately 15% error). an angle of 45 degrees to the arm. This electrode location was

In this paper, a combination of a K-nearest neighbor (KNN),,se, 56 as to record activity from a variety of forearm mus-

classifier and a genetic algorithm (GA) for feature selection E:fes, which were found to give the best classification results.

used, resulting in an average error rate of approximately Z%The EMG signals were amplified 2500 times and sampled
thereby making it feasible to operate a robotic replacement afan\?ter antialiasing filter with a cutoff frequency of 250 [Hz])
with relatively few errors using only two pairs of electrodes. . g m : q Y '
together with the microswitch states, using a Bio Pac Student
_ _ Lab PRO kit at a sampling frequency of 500 [Hz].
Manuscript received November 8, 2001. o , At least 30 presses from each finger were recorded. In order
The authors are with the Faculty of Electrical Engineering, Technion—Israel d he eff f fati h bi d briefly af
Institute of Technology, Haifa 32000, Israel. 0 decrease the effect of fatigue, the subjects paused briefly after
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B. Data Processing 4) Feature selection:The signals from a total of 150 finger-
presses samples were recorded (30 per finger) and for each such

Data processing was done in three stages: Detection, whpress 102 features were measured: For each electrode pair there
the intervals of finger presses were detected; Feature extraere 20 DFT bins of mean amplitude, 20 DFT bins of the vari-
tion, where the most relevant features for classification were eatace of the amplitude, the coefficients of an eleventh-order AR
tracted; and classification, to determine which of the five fingeraodel, and one binary feature. This relatively small ratio of sam-
were pressed. The stages of data processing were perforiples to features poses a generalization problem for the classifier
separately for each subject. [13]. Hence, itis imperative to use a smaller number of features

1) Finger activation identification:The objective in this for classification. In this paper, a genetic search algorithm was

stage is to find the intervals of finger activity (without regardised for selecting the best subset of features for use by the clas-
to identity). This was achieved using envelope detection on thidier.
EMG signal recorded from both electrode pairs. The calculationA genetic algorithm attempts to simulate a process similar to
of the envelope of the signal is a three-staged process. Firgture’s evolutionary process [11], [12]. The algorithm works
the signal is passed through a high-pass FIR filter with a cutdfff encoding many possible solutions to the problem and iter-
frequency of 30 [Hz]. Then, the absolute value of the resultiragively improving them. In this paper, solutions were encoded
signal is taken. Finally, the signal is passed through a low-passing a binary vector of lengtlV (the number of features),

FIR filter with a cutoff frequency of 2.5 [Hz]. where “1” terms in the solution indicate inclusion of the appro-
The interval of finger activation is the interval in which thepriate feature for use by the KNN classifier. A certain number of
envelope of the signal in at least one of the electrode pairs ssolutions were iteratively evaluated and ranked according to the

passes a threshold. In order to separate noise from finger aotimber of misclassifications of the KNN classifier, when using
vation the subjects were instructed to remain still for approxine features denoted by the solution. The solutions that have the
mately 3 [s]. The threshold was set 10% higher than the manerst error rates are discarded, and are replaced by solutions,
imum envelope of the quiet EMG signal recorded in this tim&hich are crossovers or mutants of the remaining solutions. This
period. process is iterated until termination, which occurs when most of

2) Feature extraction:After identification of the time inter- the solutions are identical, which implies that the algorithm has
vals in which finger activity was present, features for classifconverged, or when a certain predetermined number of itera-
cation were extracted from the EMG in these intervals. By triibns (generations) is reached.
and error it was found that the best interval from which to ex-
tract features was between 0.4 [s] and 1.6 [s] after the envelope
crossed the threshold. The characteristic features in this study
were derived from two main sources. The first is the amplitude The GA feature selection resulted in a classifier that had a
of the discrete Fourier transform (DFT) of the EMG signal: Theslatively low error rate, but still used about 50 features (as can
frequency region between 0 [Hz] and 250 [Hz] was divided inteeen seen in Fig. 2). This number of features was deemed too
20 equal sections of frequencies and each section was charfgh, and so the GA was run again using only the features se-
terized by its mean and variance values. lected in the first execution of the GA. The number of features

The second main source for features is the coefficients of ahtained after this second execution dropped to about 28 and the
eleventh-order autoregressive (AR) model [9]. This order wasror percentage improved slightly, indicating that some overfit-
chosen heuristically. ting was present in the first execution of the GA.

Each electrode pair was assigned an additional binary featurén the second execution of the GA the average error per-
to represent whether or not finger activation was detected in tligntage (across all subjects) was 1.9% (s.d. 1.5%). This was
electrode pair. reached using an average of 28 (s.d. 2) features. The average

3) Classification: A modified KNN classifier used the error percentage for the thumb was 7% (s.d. 5.5%) and 0.5%
above features in order to ascertain which finger was activat@dd. 0.8%) for other fingers. The high error percentage for the
(each finger is given a different label). A standard KNN classthumb is probably due to the electrode location, however a better
fier [L0] measures the distance between a test measurementlandtion was not found. This error percentage also suggests that
the labeled training examples and the label which appears mib&bur fingers are sufficient for a given application, the error rate
frequently in the K nearest examples is chosen as the labelcah be as low as 0.5%.
the test measurement. The modified KNN classifier is different Fig. 3 shows that the AR features were utilized more fre-
from the standard KNN classifier only when there are an equgliently compared to other features. The binary features were
number of appearances of two or more labels in the K nearefen used because some fingers’ signals (for example, the
training examples. In this case, the average distance betwé&mmmb) appear in electrode pair 2 but not in pair 1 and vice
the above training examples and the test measurements is usgda.
as a tiebreaker. It was calculated that 38.5% of the selected features were

The error rate of the classifier was determined using fivefolthosen from electrode pair 1 and 61.5% from electrode pair 2.
cross validation [10]: The data was divided into five equal sulitis is logical because electrode pair 2 is located closer to the
sets. One of the subsets was used for testing and the other faetivating muscles. Tests conducted with either one of the two
for training the classifier. The error rate was the average erroraléctrode pairs resulted in prohibitively high error rates (approx-
this procedure repeated for each of the subsets. imately 15%).

Ill. RESULTS
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Fig. 2. A demonstration of the search process during the first execution of the GA. The bottom line shows the classification error (in percenineiotep
the average number of selected features and the arrow indicates the iteration in which the lowest percentage of classification error was obtained.

sion raised the probability of misclassification, probably due to
the transient nature of this interval.

During the testing of the above algorithm, it was found that
the genetic algorithm never converged and always had to be ter-
minated after reaching the maximum number of iterations (set
Lol to 1000). This indicates that either a highly local solution ex-
0% LT : ists or that the convergence criterion (80% identical solutions)

= gl was too high. In order to make use of this algorithm without it
) 5 _ R | converging, the best overall solution was saved (marked by an
20% Lo i 1 arrow in Fig. 2).
< 1 We chose to use 1000 iterations as a compromise between a
more thorough search of the solution space and processing time.
Yet if 1000 generations seem like a high value, a simple calcula-
tion can show that the GA searches only through approximately
1025 percent of all possible feature combinations.
Binary It is interesting to note that if the choice of features is
o A ¢ selocted f o H Hen completely random, the probability of misclassification error
e e e e Y e, T 201 sho=%bout 25%. Manual selection of the features by observation
selected features was less than 15%, except for binary features, where it yiglded a probability of misclassification of around 15%. The
58%. genetic algorithm, after reviewing only approximateiy—2°
percent of all the possible combinations of features, managed
IV. DISCUSSION to lower the probabi!ity of misclassificatiqn _to only 2%._
We are currently in the process of building a real-time ver-

In this paper, the possibility of using a small number of susion of the algorithm. Such a system would (hopefully) reduce
face electrodes for operation of hand prosthesis was dem¢me number of errors even further, as the user interacts with the
strated. We have shown that it is possible to obtain sufficientbystem. Additional studies are also planned to test this system
small error rates by using a simple classifier coupled with a feaith hand amputees.
ture selection algorithm. During work with an on-line system, fatigue will become a

As noted earlier, the first 0.4 [s] (200 samples) were not ufiactor to be dealt with by the system. Itis thought that by running
lized for feature extraction. This was done because their inclilre feature selection and classification algorithms every several
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movements (in a bootstrap-like technique [10]) will enable tt
system to cope with the nonstationary nature of EMG.
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engineering from the Technion—lIsrael Institute of
Technology, Haifa, Israel, in 2002.
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