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Abstract— Pattern Recognition (PR)-based EMG controllers 

of multi-functional upper-limb prostheses have been recently 

deployed on commercial state-of-the-art prostheses, offering 

intuitive control with the ability to control large number of 

movements with fast reaction time. Current challenges with 

such PR systems include the lack of training and deployment 

protocols that can help optimize the system’s performance 

based on amputees’ needs. Selecting the best subset of 

movements that each individual amputee can perform will help 

to exclude movements that have poor performance so that a 

subject-specific training can be achieved. In this paper, we 

propose to select the best set of movements that each amputee 

can perform as well as identifying the movements for which the 

PR system would have the worst performance and, therefore, 

would require further training. Unlike previous studies in this 

direction, different feature extraction and classification 

methods were utilized to examine if the choice of 

features/classifiers could affect the best movements subset 

selection. We performed our experiments on EMG signals 

collected from four transradial amputees with an accuracy > 

97.5% on average across all subjects for the selection of best 

subset of movements. 

I. INTRODUCTION 

There have been many advances in multi-functional 

upper-limb prosthesis control, specifically in Pattern 

Recognition (PR) based EMG systems. Such systems offer 

intuitive control and the ability to control multiple 

movements in comparison with the conventional myoelectric 

control which offers a limited set of actions. Recently, PR 

systems have been deployed commercially for amputees' use 

[1], but their wide availability is still limited. 

Each amputee has a unique set of characteristics related to 

his/her own amputation, e.g., different time since amputation, 

level of amputation, muscle structure left after amputation, 
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and the presence of nerve injury. Treating each amputee as an 

individual rather than grouping amputees together may be 

essential because each person might be able to perform some 

movements with a higher performance than other amputees. 

Therefore, each individual amputee’s needs should be 

addressed by optimizing the movements with maximal 

performance. This would be a vital development for the 

future deployment of PR-based Electromyogram (EMG) 

controlled multi-functional upper-limb prosthesis. Having a 

reliable set of movements is important for achieving a usable 

system (error rates should be <10%) [2]. Thus, finding the 

best movements that each individual amputee can perform is 

an important challenge. 

Previous research investigated the selection of a usable 

subset of movements from a larger set classified with PR 

systems. Daley et al. [3] utilized high density EMG 

electrodes to determine a clinically acceptable number of 

electrodes with their locations for a reliable hand movements 

classification in transradial amputees. Time Domain (TD)- 

Autoregressive Feature Extraction (FE) was used alongside 

Linear Discriminant analysis (LDA) classifier. It was found 

that four-to-six tasks could be classified with high accuracy 

of 86–95% for four recruited amputees [3]. In our previous 

work, a protocol was proposed for EMG site selection and 

movement assessment for the EMG based PR system [4]. 

The protocol found the best number of optimal movements 

and the best EMG channels from EMG data of two amputees. 

Time Domain FE and LDA classifier were used to perform 

the classification. It was found that every amputee has a 

specific set of optimal movements that can he/she can 

achieve differently from other amputees.  

A method to select a subset of the hand gestures to 

maximize the sensitivity and specificity was proposed in [5]. 

EMG signals were collected from four intact-limbed subjects 

who performed ten finger and hand movements. Power 

spectral density average FE and LDA classifier were used 

with long analysis window size of 1 second. This scheme 

may be not suitable for PR since the delay may exceed the 

optimal controller delay [6]. Six gestures were chosen and 

these improved the sensitivity and specificity of the classifier 

using a proposed measure called positive–negative 

performance measurement index obtained by a series of 

confusion matrices. Na et al. [7] presented a personalized 

protocol to select usable movements for each of 20 intact-

limbed subjects who performed 68 finger and wrist 

movements. A k-means clustering method was used to sort all 

movements into k classes. Then, TD FE and artificial neural 

network classifier were used to perform the classification. 
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It should be noted that the recent studies [5], [7] recruited 

only intact-limbed subjects for selecting the usable 

movement subset. All the previously reported studies used a 

PR system for selecting the best subset of hand/fingers 

movements based on a single feature extraction method and a 

single classifier.  

In a different approach from previous work, this paper 

attempts to answer the following research question: 'Is the 

selection of the optimal number of movements for a given 

amputee different if the feature extraction or classifier is 

changed?' To answer this question, we collected EMG data 

from four transradial amputees and implemented a PR system 

with an overlapping windowing scheme, two FE methods and 

two classifiers. A series of experiments were then carried out 

to find the optimal number of movements for each individual 

amputee, with optimality here denoted by the number of 

movements that each amputee can perform across multiple 

trials with average error rates below 2.5 %. 

 

II. METHODOLOGY 

A.  Amputee subjects 

EMG signals were collected from the left stump of four 

transradial amputees, three acquired (TR1, TR2 and TR3) 

and one congenital amputee (CONG4), with left unilateral 

amputation. This data collection is part of larger study which 

investigated dexterous myoelectric control for transradial 

amputees. The EMG data for TR1-TR3 were collected at the 

Artificial Limbs and Rehabilitation Centers in Baghdad and 

Babylon, Iraq while EMG for CONG4 was collected at 

Plymouth University UK. The average age of the amputees 

was 26.5 years (± standard deviation of 6.5 years). Stump 

length was TR1=13 cm, TR2= 29 cm, TR3= 23 cm and 

CONG4=9 cm while time since amputations was TR1=3 

years, TR2= 27 years and TR3= 7 years. The amputees did 

not use a myoelectric prosthesis due to non-availability apart 

from CONG4 who used it for couple of years. Ethical 

approval was obtained from the Human Ethics Committee of 

the Faculty of Science and Technology at Plymouth 

University. All subjects were debriefed about the experiment 

and they gave their written informed consent to participate in 

the study. 

B. Experimental protocol and details of EMG signal 

acquisition 

Firstly, the stump was cleaned with alcohol and abrasive 

skin preparation gel (NuPrep®, D.O. Waver and Company, 

USA) was applied to the stump. Six pairs of Ag/AgCl 

electrodes (Tyco healthcare, Germany), connected to a 

differential amplifier, were placed around the left stump. 

The ground reference electrode was placed on the Olecranon 

process of the Ulna. In Fig.1, an example of the locations of 

the electrodes on the stump of CONG4 amputee is shown. 

EMG signals were acquired with a custom-built multi-

channel EMG amplifier (gain factor of 1000). The signals 

were sampled at a rate of 2000 Hz with 16-bit resolution 

data acquisition (USB-6210, National Instruments). For 

signal acquisition and display, LABVIEW software 

(National Instruments, USA) was utilized. In this study, we 

investigated eight movement classes, including: 1) Thumb 

flexion, 2) Index flexion, 3) Fine pinch, 4) Tripod grip, 5) 

Spherical grip, 6) Pronation, 7) Supination and 8) no 

movement class (rest). These movements are categorized 

into 3 main groups a) Finger movements (1,2), b) Grips 

patterns (3-5) and c) Wrist movements (6,7) (see table 1). 

To collect the EMG signals from the four amputees, the 

following experimental protocol was used. First, the 

amputees were asked to imagine the given movement and 

produce a moderate force contraction with the stump and 

hold the position for 8-10 seconds for each imagined 

movement. We collected four trials of each movement. We 

utilized trials #1 and #2 in the training process while trials 

#3 and #4 were used in the testing process in order to 

evaluate the classification performance. 

 

 
Figure 1.  Electrode locations on the stump of the 4th congenital amputee 

(CONG4). 

C. Patten recognition based EMG control 

In order to perform EMG pattern classification, we 

utilized an overlapped segmentation scheme with 150 ms 

window length and 50 ms window overlap. To investigate 

the effect of different feature extraction (FE) methods and 

classifiers on selecting the best subset of movement, we used 

two feature extraction methods and two classifiers. The first 

feature extraction method was the recently proposed Time 

Domain Power Spectral Descriptors (TD-PSD) [8], which 

showed an improvement in performance over the existing 

FE methods with fast processing time. In TD-PSD, a set of 

features describing the EMG power spectrum are extracted 

directly from the time-domain signal. Then, a cosine 

similarity function is employed to estimate the angle 

between the extracted power spectrum characteristics from 

the original EMG signals and their non-linear version. The 

resulting vector is then used as the final feature set [8]. 

The second FE method was the traditional Time Domain 

(TD) features [3], which consisted of integral absolute value, 

waveform length, number of zero crossings and number of 

slope sign changes. The total number of features (number of 

features ×number of EMG channels) was 36 features for TD-

PSD FE and 24 features for TD FE. We then reduced the 

dimensionality of the extracted feature set with Spectral 

Regression (SR) dimensionality reduction, proposed by Cai 

et al. [9]. The SR method was also recently used in [8]. SR 

maps the original feature set into a new domain with c−1 

features only, with c being the number of classes, i.e., seven 

features in our problem. 

To perform the classification of the reduced sets of 

features extracted in the previous step, we used two 



  

classifiers: Linear Discriminant Analysis (LDA) classifier 

[2] and Random Forest classifier (RF) [10]. The number of 

trees for RF classifier was 500. 

To sum up, four combinations of FE and classifiers will 

be investigated to find the best subset of movements, which 

are 1) TD-PSD+LDA 2) TD+LDA 3) TD-PSD+RF and 4) 

TD+RF. We used MATLAB® 2013a software (Mathworks, 

USA) to perform PR analysis in this study. 

D. Selecting the optimal subset of movements 

The main goal of this step is to find the best set of 

movements that each amputee can achieve with the lowest 

classification errors, defined as an acceptable level of error. 

In this study, we adopted the average error level of (<2.5%) 

as a proof of concept. 

We ran several iterations to find the optimal set of 

movements with each of the four FE/classifier combinations. 

In each iteration, we first perform the classification with all 

movements. Then, the classification errors are calculated for 

each movement from the confusion matrix for that given set 

of movements and the errors for all movements are 

examined individually. The movement with the highest level 

of error is identified and removed from the set of 

movements. This procedure is repeated until a set of 

movements with an average error below a predefined 

acceptable threshold (average error rate < 2.5) is obtained. 

III. RESULTS AND DISCUSSION 

Fig.2 shows the classification errors, for all amputees, for 

different iterations of finding the best subset of movement for 

two FE methods (TD-PSD and TD) with LDA classifier 

while Fig. 3 shows the classification errors for all amputees 

with two FE methods (TD-PSD and TD) for Random Forest 

(RF) classifier. The error level of 2.5% is shown with a red 

dashed line. 

The results shown in both Fig. 2 and Fig. 3 indicate few 

important points. Firstly, when a large number of movements 

is considered, the error rates achieved with the TD-PSD 

features were significantly lower than that achieved with the 

TD features (p-value <0.01) for both classifiers, which in turn 

agrees with the previous results in [8]. Secondly, Fig. 2 and 

Fig. 3 also show that the average number of iterations and the 

number of optimal movement classes were different for all 

amputees. This in turn further validate our hypothesis that an 

individual amputee would benefit from a PR-based system 

fitted based on their individual requirements rather than a 

unified system based on average overall performance. In 

terms of the reported results, to achieve an average error of 

less than 2.5%, almost three iterations were required for TR1 

and TR2 with TD-PSD while four-to-five iterations were 

needed for TR3 and CONG4.  

An important advantage of identifying the best movement 

subset is that it identifies the movements with the lowest 

performance for each individual amputee. This can help the 

rehabilitation personnel (the occupational therapists) to 

perform the rehabilitation process on these movements and to 

apply a subject-specific movement rehabilitation scheme for 

the amputee. 

The optimal number of movements that each amputee 

could produce with different classifier/FE is shown in Fig. 4. 

TR1 and TR2 amputees achieved the highest numbers of 

movement classes, while the TR3 and CONG4 achieved 4 

movements. TR2 amputee has a long stump (29 cm) and 

there was no muscle deformation, which may be the reason 

why he achieved a better performance than other amputees. 

 
Figure 2.  Average classification errors for each amputee with two FE 

methods (TD-PSD and TD) and LDA classifier. The error level of 2.5% is 
shown with a red dashed line.  

 
Figure 3.  Average classification errors for each amputee with two FE 
methods (TD-PSD and TD) and RF classifier. The error level of 2.5% is 

shown with a red dashed line. 

 
Figure 4.  The optimal number of movements for each amputee with four 

combinations of classifier/FE with average classification error rate less than 
2.5% 



  

A summary of the best movement subset with the four 

combinations of FE/classifier for each individual amputee is 

shown in Table I. From this table, it can be seen that the no 

movement class was clearly separated from all imagined 

movements for all amputees. In terms of the imagined 

movements classes with classification accuracy of >97.5%, 

pronation, supination and thumb flexion were among those 

highly separable from the remaining classes for all amputees, 

especially with the TD-PSD feature set. On the other hand, 

only TR2 was able to achieve high movement recognition 

rate for the index flexion movement, which was not the case 

for the remaining subjects. Finally, fine pinch and spherical 

grip movement had its highest recognition rates with TR1, 

TR2, and TR4 but not TR3. All of the above proves the 

importance of fitting a prosthesis system based on custom 

movements for each amputee to enhance the overall EMG 

pattern recognition performance. 

 

TABLE I. The results of the best movement subset for four amputees with 

two FE methods (TD-PSD and TD) and 2 classifiers (LDA and RF). Best 
movements are shown in black for TR1, red for TR2, purple for TR3 and 

green for CONG4. The movement classes are: 1) Thumb flexion, 2) Index 
flexion, 3) Fine pinch, 4) Tripod Grip, 5) Spherical Grip, 6) Pronation , 7 ) 

Supination and 8) no movement class (rest). 

 

  

 

Subset of movement classes with the best 

classification accuracy > 97.5%  
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IV. CONCLUSION 

In this paper, we investigated the selection of a usable 

subset of hand/finger movements from a larger set classified 

with an EMG-based PR system. Unlike previous work 

focusing on individual feature extraction and classification 

methods, we performed experiments on data collected from 

four amputees while utilizing two time-domain based FE 

methods and two classifiers. Our experimental results 

showed significant reductions in terms of classification error 

rates when utilizing the TD-PSD features upon that of the 

TD features on large number of classes. The results also 

indicated a large variability among the amputees in terms of 

the optimal number of movements and the selection of these 

movements. As a result, tuning the parameters of EMG PR 

system based on individual needs can help optimize the 

system’s performance based on the needs of each amputee.  
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