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Conventional prosthetic hands require users to activate designated muscles or press buttons to select among predefined

grasping patterns. These methods are time-consuming and increase muscle fatigue. This study proposes a regression

model that differentiates multiple muscle activation patterns allowing the user to select a desired grasping pattern. We

classified four hand primitives and three force intensities, which can reflect the intention of prosthetic hand users. An 8-

channel band-type sEMG sensor was used to measure myoelectric signals from an amputated upper-arm. To acquire the

sEMG data, the amputee was instructed to imagine four hand primitives (fist, open hand, flexion, and extension) with three

levels of force intensity (low, medium, and high). Time-domain features (mean average value, variance, waveform length,

and root mean square) were extracted from the sEMG signal and classified using a Support Vector Machine. The hand

primitives and force intensities had accuracies of 95% and 90%, respectively. Results indicate the regression model

reflected the user’s intention to select different grasping patterns, and is thus expected to improve the quality of life of

amputees.
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1. Introduction

A prosthetic hand is an artificial device which can replace a

missing upper-limb that is lost due to diseases, accidents, or

congenital conditions. It mainly helps amputees grasp objects and

increase their QoL (Quality of Life).1 Aesthetic, body-powered,

and myoelectric prosthetic hands are most widely used. Among

them, the myoelectric type is the most expensive since it provides

various automatically controlled motions.

Amputees are expected to increase up to 3.6 million by 2050

worldwide.2 However, despite the large population, the usage rate

of myoelectric prosthetic hand is extremely low. 70% of upper-

limb amputees are using prosthetic hands, but less than 5% are

using myoelectric hands.3 It is due to the low usability of

conventional prosthetic hands. Most of them use 2-channel EMG

sensors and buttons to select grip modes.4 Michelangelo Hand

NOMENCLATURE

F(x(n)) = Filtering of signal x(n)

τ0 = Time when signal change is detected

τ0n = Time when onset is detected

h1 = First threshold

h2 = Second threshold

xj = i
th sample of the signal

N = Length of the signal
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requires a user to activate extensor or flexor to grasp or ungrasp an

object, and thumb-opposition is switched by co-contraction.

Bebionic and i-Limb requires users to activate extensor or flexor

repeatedly or press buttons to select grip modes. These

conventional interfaces, which utilize repeated activation of

designated muscles, not only increase muscle fatigue but also limit

the user to perform tasks that require both hands.

To enhance the usage rate of the prosthetic hand and its

usability, an interface that doesn’t require both hands or repeated

muscle activation to select grip modes is necessary. Therefore, a

new reliable muscle activation process is needed. In this paper,

grasping tasks are viewed in three different steps; extending,

reaching, and grasping. A novel method to select a multiple signal

with a simple manner is proposed. This method uses eight sEMG

sensors on the upper limb to make a regression model of hand

primitives and force intensities. Each regression model is used for

the classification required in the grasping motion sequence

specified above. Briefly, in the extension phase, the hand primitive

regression model is used to determine the grasping motion of the

amputee. Then a force intensity regression model is used in the

reaching phase to determine how strong the grasping motion is.

Therefore, by applying the regression model, which is obtained by

experiments, to the prosthetic hand, it can reflect the user’s

intention easily and accurately for the grasping activities.

2. Materials & Methodologies

2.1 Data Acquisition & Data Processing

2.1.1 Electromyography (EMG) Sensor

In human movement, muscle is the actuator, which means

exercise occurs due to muscle contraction. EMG sensor is a sensor

that measures the amount of muscle contraction, so that human

motion and intention can be estimated effectively.

In this study, a sEMG sensor is used to express hand primitives

and force intensities for upper-limb amputee. sEMG is a useful and

effective signal for estimating the muscle activation pattern and

force intensity from the upper-limb residual.

Previous studies that used sEMG have indicated that sEMG

sensors that requires attachment of electrodes are cumbersome and

difficult to find the exact position for the electrodes attachment.

Therefore, a sEMG sensor that is easy to calibrate and wear should

be used. An 8-channel band-type sEMG sensor is used to enhance

usability and feasibility. It has eight sEMG sensors combined by

elastic bands, which makes it easy to wear and calibrate because

the sEMG sensors are attachable all around the arm.

2.1.2 EMG Signal Processing

The raw sEMG signal measured from the 8-channel band-type

sEMG sensor is filtered to eliminate high frequency noise involved

within the signal. The transfer function of the low-pass filter shown

below is otherwise called quasi-tension filter since the filtered data

show a high correlation to actual muscle tension, and therefore, it is

appropriate to represent muscle activity.5

(1)

The magnitude and frequency properties of sEMG signal and

quasi-tension have been known to be highly sensitive and variable

with many factors such as the skin condition and the electrode

attachment position. To avoid the effect of these problems, EMG

signal must be normalized. The most popular normalization method

of EMG signal is MVC (Maximum Voluntary Contraction). For

normal people, MVC is found by exerting the maximum force

when restraining the arm movement. However, for amputees, this

method is impossible to apply. Also, the amplitude of the quasi-

tension of the amputees is small compared to the normal people

due to the muscle degeneration, which results low resolution in

low-level activation. Therefore, MVC is selected as 70% of the

maximum signal amplitude when maximum force is applied when

performing flexion, extension, and co-contraction.

2.2 Data Segmentation

The sEMG signal should be measured continuously to operate

the prosthetic hands. However, not all the acquired sEMG signal is

used. Only the signal obtained when the user wants the prosthetic

hand to operate should be used. Therefore, an appropriate sEMG

signal onset criterion is necessary. For this, establishing threshold

is the most generally used method.
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Fig. 1 Double-threshold method for data segmentation
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There are many ways to set the sEMG signal onset threshold.

The simplest method is to use single-threshold method. However,

the single-threshold method has a high degree of sensitivity

because it has only one degree of freedom.6 Therefore, double-

threshold method is used to solve this drawback.7 The principle of

the double-threshold method is as follows: sEMG signal is

measured only when it exceeds the first threshold, like the single-

threshold method. If the number of consecutive samples or length

of time of the measured sEMG signal exceeds the second

threshold, the very sample or time when the signal first exceeds the

first threshold is set as the beginning of the activation time. The

general formula of the double-threshold method is as follows:

(2)

(3)

(4)

 if m ≥ h2 (5)

2.3 Feature Extraction

Out of diverse classification elements, feature set has been

shown to have the highest classification accuracy and can be

applied in a more various way than other elements.8 Features are

extracted from the processed sEMG for classification. Finding the

most appropriate features is important to increase the classification

accuracy.9 There are diverse feature sets, such as Hudgins’ time-

domain features (TD), spectral power magnitudes (SPMs), and

short-time Fourier transform (STFT), but in this study TD feature

set is chosen for the following reasons: TD feature set is simple to

implement and has been shown to be effective for classification

when the arm is moving.10 The most commonly used features of

TD feature set are shown in Table 1.

Mean absolute value (MAV), variance (VAR), waveform length

(WL), root mean square (RMS) indicates the mean value, variance,

variation, and energy of the muscle activation, respectively.

2.4 Feature Classification through Machine Learning

Feature extracted in real time should be classified into

appropriate clusters by comparing with the existing database

through classifier.

Support Vector Machine (SVM) is a universal machine learning

method that can classify data sets with very high accuracy.12 The

SVM classifies each cluster by placing a hyper-plane between the

two data sets. It is important to select a hyper-plane that has the

smallest margin from the hyper-plane to support vector, which is

the data element closest to the hyper-plane. Since SVM generally

classifies only two data sets, it is necessary to apply multiple

SVMs to perform multi-classification.13 We have used fivefold

cross-validation to design the classifier. In this study, we have

employed SVM toolbox in the MATLAB.

2.5 Finding Appropriate Hand Primitives

Finding hand primitives that amputees can perform distinctively

is necessary. Diverse amputees should be able to perform the hand

primitives; therefore, it is important to test multiple subjects to find

them. For this, normal subjects were instructed to imagine different

hand primitives while their one hand and wrist are constrained. The

confusion matrix for the hand primitives when using SVM is listed

below.

The above table is a confusion matrix showing the accuracy of

each hand primitives that are classified. Horizontal and vertical

represent each hand primitive, and diagonal column indicate the

accuracy of each hand primitives that can be classified.

Hand primitives with the highest classification accuracy were

fist, open-hand, flexion, and extension. Therefore, the four hand

primitives were selected for the experiment in this study.
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Table 1 Definitions for time domain features4,11

Feature Formula

Mean absolute value (MAV)
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Fig. 2 Confusion matrix for eight different hand primitives
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3. Experiments

3.1 Experimental Setup 

3.1.1 Experimental Device

In this study, ‘MYO Armband’ is used to measure the muscle

activation from the subject’s upper-limb. ‘MYO Armband’ is a

gesture recognizing wrist band made by Thalmic Lab. It has eight

individual sEMG channels and nine degrees of freedom IM

sensors. The 8-channel band-type sEMG sensor is easy to wear

and has high usability, therefore, it is selected for data acquisition.

The position where each channel is attached to is not directly

related to the muscle for moving the wrist or finger. However, the

muscle synergy effect of the muscular activation such as the

Brachioradialis muscle, which is located deeply, provides the data

of the intended muscle activation. First, second, and third channels

are located in triceps brachii direction and sixth, seventh, and

eighth channels are located in biceps brachii direction.

3.1.2 Experimental Schematic

Raw sEMG signal is acquired from the 8-channel band-type

sEMG sensor, and it is filtered to obtain quasi-tension. TD feature

set is then extracted from the raw sEMG signal or the quasi-tension

signal. The extracted feature set is applied to find the regression

model for classification of hand primitive and force intensity.

The classification accuracy increases accordance with the size of

the feature set. However, the increment of the classification

accuracy is small when the number of features is more than two.

Therefore, using three features is expected to achieve the similar

performance as using all features.14

3.2 Experiment for Grip Motion Classification

The purpose of this experiment is to find the regression model

for hand primitive classification of the upper-limb amputee.

The subject was seated on a chair with the elbow positioned

perpendicular. sEMG signal from the amputated upper-limb using

the 8-channel band-type sEMG sensor. The sEMG sensor was

attached on the amputated upper-limb and calibrated to ignore the

disturbance by the different sensor attachment site.

Then the acquired raw signal is normalized based on MVC. To

obtain MVC, the subject was instructed to perform flexion,

extension, and co-contraction with the maximum force. 70% of the

acquired MVC is used for the normalization.

To find the regression model, the subject was instructed to

imagine performing four different hand primitives (fist, open hand,

flexion, and extension) with the amputated upper-limb. To help the

subject imagine the hand primitives, pictures of the hand primitives

were displayed on the monitor. The subject was instructed to rest

for 3 seconds and imagine a hand primitive for another 3 seconds

sequentially. These are regarded as rest session and activate

session, respectively, and a rest session and an active session forms

a set. To inform the subject when to rest and when to imagine the

hand primitives, beep sound was given at the end of each session.

To reinforce the subject, an octagonal vector-space was displayed

on the monitor at the end of each set. The vector-space is made by

assigning 8 channels of the sEMG sensor to vertices of the

octagon. For each channel, the magnitude of the quasi-tension

signal was plotted as the distance from the center of the octagon to

the end of the vertex. The experiment was done 5 sets for each

hand primitive.

During the process, sEMG signal was obtained for each channel

and only the section which satisfied the pre-determined double-

threshold criterion was used for feature extraction. Three features

were extracted from each channel, which results 120 features after

5 sets. The features were used to build the classifier.

3.4 Experiment for Force Intensity Classification

The purpose of this experiment was to find the regression model

for force intensity from the amputated upper-limb when exerting

co-contraction. This can be applied to the prosthetic hand to select

grasping strength of the prosthesis.

Force intensity levels were selected based on the research about

Fig. 3 Vector space displacement for subject reinforcement

Table 2 Subject information

Age 60s

Gender Male

Accident sequence Electric shock

Accident occurred year 2000

Affected area
Left arm – 7 cm under the elbow

Right arm-Above the elbow

Myoelectric prosthetic hand 

using year (term)
2001 (3 months)

Muscle suturing type
Flexor, extensor

suturing together
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the required grip forces to perform daily tasks, which are listed

below.15

The experiment was performed in the same process of the

experiment for hand primitive classification. The only difference

was the instruction the subject was given; instead of imaging

certain hand primitive, the subject was instructed to image exerting

co-contraction with certain force intensity. To train the subject

three different force intensities, three different weights were placed

on the prosthetic hand the subject has used on a daily basis, and the

subject was asked to remember the force intensity formed in the

amputated upper-limb.

The experiment was performed for 4 sets, each set consisted of a

rest session and an activation session.

Features were extracted from the quasi-tension that satisfied the

double-threshold criterion. Three features were extracted for each

channel, which results 96 features after 4 sets. The features were

used to build the classifier.

3.5 Experiment for Regression Model Evaluation

To evaluate the classification accuracy of the designed

regression model, the subject was instructed to perform four hand

primitives and three force intensities for 5 sets and 4 sets,

respectively. Each set was done for 2 seconds. The acquired data

was classified by using the regression model made from the above

experiments, and the classification accuracy was evaluated.

Through this, a regression model was designed, which can

enhance the usability of the prosthetic hand by enabling the user to

select grip modes and grasping forces with a more intuitive

interface and higher classification accuracy.

Fig. 4 Experimental schematic for hand primitive classification

Fig. 5 Vector space for MAV, VAR, RMS, and WL features when the amputee performs different hand primitives and force intensities

Table 3 Daily tasks and weight of the necessary object

Force step Daily tasks (Object)
Approximate

force required

Low Brush teeth (Toothbrush) 0.98 N

Medium Drink water (Cup with water) 4.90 N

High Hold bottle (2 L water bottle) 19.60 N
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4. Result and Discussion

4.1 Threshold

It is necessary to set an appropriate double threshold to select

the criteria of EMG signal onset. For this purpose, the quasi-

tension was measured while resting comfortably and imaging

certain grip motions, with the EMG sensor attached on the upper

arm of the subject. Table 4 shows the resultant quasi-tensions for 5

sets.

According to the results in Table 4, the average of the quasi-

tension for the four different motions are 145.22% and 12.31%

when at rest. Therefore, the first onset threshold h1 is set to

78.77%, which is the intermediate value between 145.22% and

12.31%.

The time required to reach the object for grasping is

approximately 450 ms.16 Since the reaching time of prosthetic hand

users is longer than that of normal people, the second threshold h2

is acceptable to be set to 450 ms.

4.2 Grip Motion Experiment Result

The raw EMG data and the quasi-tension measured when the

subject was instructed to imagine 4 different grip motions are

shown in Fig. 6. Root Mean Square (RMS) was extracted from the

raw EMG data for each of the 8 channels, and Mean Absolute

Value (MAV), Variance (VAR), and Waveform Length (WL) were

extracted from the quasi-tension for each of the 8 channels, which

makes 32 features in total. Three features are selected for

classification training, and to find the feature combination with the

highest accuracy, the classification accuracy for different

combinations were tested. SVM classifier was built with

MATLAB classification toolbox. The classification accuracies for

different feature combinations are listed in Table 5. Consequently,

the combination of using MAV, VAR, and RMS had the highest

accuracy of 95%, and therefore it is considered to be the most

efficient feature combination.

4.3 Force Intensity Experiment Result

The raw EMG data and quasi-tension were measured when the

subject was instructed to apply 3 stepwise force intensities. As in

the Experiment 1 result, RMS was extracted from the raw EMG

data for each of the 8 channels, and MAV, VAR, and WL were

extracted from the quasi-tension for each of the 8 channels. Three

features are selected for classification training, and the

classification accuracy for different combinations of features are

listed in Table 6. Consequently, the combination of using MAV,

WL, and RMS had the highest accuracy of 90%, and therefore it is

considered to be the most efficient feature combination.

In conclusion, it is possible to implement the interface that

reflects the user-intended grip motion and force intensity with high

fidelity by using machine learning of different features of EMG

signal.

5. Conclusion

We designed a regression model that can classify four hand

primitives and three force intensities based on sEMG from the

amputated upper-limb. By implementing the model to the

prosthetic hand, it was possible to reflect the intention of the user.

To achieve this, sEMG was signal-processed to gain the quasi-

tension, which is closely related to the muscle tension. The data

was normalized by 70% MVC. TD feature set (MAV, VAR, WL,

and RMS) was extracted from the raw sEMG signal or the quasi-

tension that exceeded the pre-determined double-threshold. The

extracted features were classified by using SVM.

Two experiments were performed to design regression models

for hand primitive and force intensity classification. For hand

primitive classification, the subject was instructed to imagine

performing four different hand primitives (fist, open hand, flexion,

and extension) using the amputated upper-arm. For force intensity

classification, the subject was asked to perform co-contraction

when exerting three different levels of force intensity.

As a result, four different hand primitives were classified with

high accuracy of 95% when using MAV, VAR, and RMS feature

set. Three levels of force intensity were classified with high

accuracy of 90% when using MAV, WL, and RMS feature set. By

using the regression model obtained from the experiments, we

Table 4 Mean values of quasi-tension for different grip motions

Set No. Motion1 Motion2 Motion3 Motion4 Rest

1 107.73 67.83 174.88 197.79 3.77

2 190.00 103.05 135.72 180.54 35.67

3 123.14 107.59 165.83 175.48 8.24

4 228.84 68.76 221.22 130.84 10.12

5 129.10 104.76 127.43 163.75 3.75

Avg. 155.76 90.40 165.02 169.68 12.31

Table 5 Classification accuracy for hand primitive and force intensity

classification

Features used

for each channel

Classification accuracy (%)

Hand primitive Force intensity

MAV, VAR, WL 90 70

MAV, VAR, RMS 95 80

MAV, WL, RMS 85 90
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were able to classify hand primitives and force intensities in real-

time. The classified result is used for the prosthetic hand operation,

and it confirmed satisfactory response from the amputee.

Therefore, by applying the regression model to the prosthetic hand,

it can transmit the user’s intention easily and accurately, which will

consequently enhance the QoL of amputees.

To improve our interface reflect user’s controlling intention

better, further works should be done. This study was performed

when the user is not moving, which means the disturbance that

could occur due to the translational movement of the hand wearing

the prosthetic hand was ignored. However, to perform daily tasks,

being able to select grip modes when the hand is reaching to an

object is essential. Therefore, for the next study, we propose

improving the designed regression model, so it can classify

different hand primitives and force intensities in the reach-to-grasp

phase.
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APPENDIX

Fig. 6 Raw EMG data and quasi-tension signal for 4 grip motions (blue-raw EMG data, red-filtered quasi-tension data)
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