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Abstract This work evaluates the performance of a group of ten forearm amputees in distinguishing patterns of hand movements 

based on the superficial electromyographic signals (sEMG) collected on remnant muscles, before the use of a myoelectric prosthe-

sis. A pattern recognition system based on sEMG for discrimination was used. The positive-negative measurement (PNM) index 

was used to measure the performance of the movement in relation to the other ones. A total of thirteen movements were broadly 

grouped in two categories: hand/finger and grasp movements. Results show that participants were able to perform muscle contrac-

tions with distinguishable sEMG patterns for different movements.  
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Resumo Este trabalho avalia o desempenho de um grupo de dez amputados de antebraço para distinguir padrões de movimentos 

da mãos baseado em sinais eletromiográficos de superficie (sEMG) coletados em músculos remanescentes, antes da utilização de 

uma prótese mioelétrica. Foi usado um sistema de reconhecimento de padrões baseado em sEMG para a discriminação dos 

movimentos. Utilizou-se o índice de medição do desempenho positivo-negativo (PNM) para medir o desempenho do movimento 

em relação aos outros. Um total de treze movimentos foram agrupados em duas categorias: movimentos da mão/dedos e 

movimentos de preensão. Os resultados mostram que os participantes foram capazes de realizar contrações musculares com padrões 

de sEMG distinguíveis para diferentes movimentos. 

Palavras-chave Amputado do antebraco, controle mioelétrico, reconhecimento de padroes, prótese mioelétrica

1    Introduction 

In the last 20 years several researches have been 

focused on hand prostheses development, being one 

of the most advanced areas in rehabilitation robotic 

field. These works range from actuators and mechanic 

systems to the development of techniques to improve 

the control, providing more functionality to the 

prostheses, similar to a sound limb. Ideal upper-limb 

prosthesis must be recognized as a natural part of the 

amputee body, supplying motors and sensorial limb 

abilities. One of the major problems is the acceptance 

by amputees, taking into account the facilities and 

comfort, exterior appearance, but, most of all, its 

functionality. There are a variety of prostheses, from 

purely aesthetics to actives hand prosthesis. The 

myoelectric prostheses use superficial 

electromyographic (sEMG) signals to generate 

commands for the control system of the device. 

Commonly, pattern recognition systems are used to 

classify sEMG acquired from a set of hand gestures.  

A satisfactory and useful dexterous prosthesis 

should provide the amputee with an intuitive and 

close-to-natural way of controlling the artificial limb 

by decoding the efferent motor commands dispatched 

by the amputee's brain with accuracy and acceptable 

cognitive effort (Matrone, Cipriani, Carrozza, & 

Magenes, 2012). The most common method 

employed for prostheses control is based on sEMG 

processing. Contraction from different muscles can be 

mapped using systems with arrays of electrodes. Hand 

and finger commands of this kind of prostheses by a 

trained system by the user have been widely reported 

in literature (Clingman & Pidcoe, 2014; Roche, 

Rehbaum, Farina, & Aszmann, 2014), which need of 

some features of the sEMG. Such signals are acquired 

by surface electromyography (sEMG), which records 

myoelectric signals on the skin surface from the 

residual muscles of the forearm to identify the user 

commands. Obviously an accurate identification of 

intended hand/finger actions from the recording of 

signals can facilitate a natural control of the prosthetic 

hand. Thus, it is important that such a system be 

reliable, non-invasive, and simple, with small number 

of electrodes. On the other hand, users have to learn to 

contract suitably the muscles to produce specific 

patterns of sEMG signals to control each function of 

this prosthetic hand (Bouwsema, Van Der Sluis, & 

Bongers, 2010; Castro, Arjunan, & Kumar, 2015; 

Scheme & Englehart, 2011). 

In previous works, a system for pattern 

recognition to classify individual finger movements 

and grasp gestures was validated on able-bodied 

subjects and amputees (Villarejo Mayor, Costa, 

Frizera-Neto, & Bastos, 2017). This developed system 
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was used in this work to assess the suitable hand 

movements on amputees. The purpose of this study is 

to evaluate the performance of amputees in 

distinguishing patterns of finger/hand movements 

based on sEMG before the use of a myoelectric 

prosthesis. 

2   Methods 

This study aims to analyze the selection of a 

suitable set of movements to be discriminated, 

according to the abilities of the amputees. The 

accuracy is used to compare the extent of 

discrimination of the movements. The positive-

negative measurement (PNM) index is used to 

measure the performance (recognition/discrimination) 

of the movements in relation to the other ones. This 

index is compared for all subjects, while average and 

variance are considered to compare the easiness to 

exert specific contractions for determined movements 

and to maintain constant and separated patterns among 

the movements proposed in this study.   

2.1 Subjects 

Ten forearm amputees (five females and five 

males), aged 19-64, performed the experiments 

described in this study. All amputees (A1 – A10) had 

traumatic amputation. The amputees were previously 

evaluated by a physiotherapist, with an assessment 

including aspects as participant identification and 

physical examination (anamnesis, inspection, 

palpation, range of motion and sensitivity). All 

subjects did not have any experience in attending this 

kind of research before. The inclusion criteria adopted 

in this research were as follows: no evidence, in their 

medical history, of peripheral neuropathy, diseases of 

the central nervous system and restricted mobility. All 

participants were informed about the objectives and 

methodology of the study, through oral presentation. 

After knowing the detailed procedures, the 

participants signed the free consent form, according to 

the ethical principles of the Federal University of 

Espirito Santo (UFES/Brazil). The study was 

approved by the Human Ethics Committee of UFES 

(protocol number 214/10). 

2.2 Experimental protocol 

The signals were acquired using bipolar 

electrodes, manufactured by Touch Bionics. These 

active electrodes have embedded a pre-amplification 

and electronic conditioning, with a 60Hz notch filter 

and a variable gain. The skin was previously cleaned 

with 70% alcohol, and conductive gel was used before 

attaching the electrodes. Four electrodes were placed 

on the following muscles: Ch 1 - flexor pollicis longus 

muscle; CH 2 - flexor digitorum superficialis muscle; 

Ch 3 - wrist flexors (flexor carpi radialis and flexor 

carpi ulnaris muscles); Ch 4 - wrist extensors 

(extensor carpi radialis longus, extensor carpi radialis 

brevis and extensor carpi ulnaris muscles).  

Thirteen movements were considered in this 

study. The analysis was carried out independently for 

hand/finger movements (HFM) and grasp movements 

(GM). HFM includes thumb flexion (F1), index 

flexion (F2), middle flexion (F3), ring flexion (F4), 

little flexion (F5), hand closing (HC) and hand 

opening (HO). GM includes large diameter (LD: 

diameter = 9 cm, height = 11 cm), medium wrap 

(MW: diameter = 5 cm, height = 14 cm), lateral grasp 

(LT), sphere tripod grasp (TR) and tip pinch (TP). The 

rest state (RT) was included in all categories.  

The gestures were performed following the same 

sequence, and each task was maintained for 5-6 

seconds, followed by a background activity (rest state) 

of 4-5 seconds to avoid fatigue. Visual and oral cues 

were emitted to perform each repetition for data 

synchronization. Experiments were repeated three 

times with the volunteer for enhanced generalization 

capability in performing this tasks. The sEMG signals 

were recorded while the participant performed 

individual finger flexion. The rest state was included 

being recorded as the first class. The background 

activity among each repetition was discarded for the 

analysis.  

2.2 Data analysis 

The sEMG data were pre-processed subtracting 

the DC level from each signal. The muscle activity 

was identified for each repetition extracting the 

segments corresponding to the isometric contraction 

on the motor task. It was done by taking two seconds 

after started the motor tasks, until one second before 

starting the return to the rest state. An examiner was 

ensuring that the gesture had started with no more than 

1 second after the cue, to avoid potential errors.  

Before feature extraction, the sEMG signals are 

windowed, and from each window a control command 

is conveyed. It is important to note that the record 

length (window length) and the window increment 

have influence in the characterization of patterns and 

affect the classifier’s performance. These parameters 

agree with the real-time constraint required by human 

being, whose response time should be less than 300 

ms, in order to not introduce a perceivable delay by 

the user (Eenglehart; Hudgins, 2003). A window 

length M = 300 ms and an overlapping N = 100 ms 

were used to conduct the experiments. 

A set of features was selected, according to 

previous studies (Villarejo Mayor et al., 2017), based 

on frequently used time-domain and frequency-

domain features (Phinyomark et al., 2013; Zecca, 

Micera, Carrozza, & Dario, 2002). These features 

were an autorregresive (AR) model of fourth order, 

zero crossing (ZC), slope signal changes (SSC) and 

power spectrum radio (PSR). Additionally, two 

features based on fractal analysis were computed: 

detrended fluctuation analysis (DFA) (Phinyomark, 

Phukpattaranont, & Limsakul, 2012) and Higuchi’s 
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fractal dimension (HFD) (Esteller, Vachtsevanos, 

Echauz, & Litt, 2001). Finally, a classifier based on 

KNN (K Nearest Neighborhood) was implemented to 

recognize the patterns. In order to evaluate the 

classification from different tests, the error of 

misclassification was taken into account. A ten-fold 

cross-validation was used to validate the system. The 

classification accuracy was computed as an average 

accuracy based on the results from cross validation for 

10 different training sets.  

PNM index was used to assess the extent of 

discrimination of the tasks. It takes into account the 

sensitivity and specificity of the system (Castro et al., 

2015). This index combines the correct classification 

of each class, referred as positive, with the 

misclassification in the prediction, caused by counting 

false positives instead negatives, as is shown in 

Equation 1. 

 

𝑃𝑁𝑀𝑖 =
(𝐶𝑖𝑖 − ∑ 𝐶𝑖𝑗

𝑔
𝑗≠𝑖 ) + (𝐶𝑖𝑖 − ∑ 𝐶𝑖𝑗

𝑔
𝑖≠𝑗 )

∑ 𝐶𝑖𝑗
𝑔
𝑖,𝑗=1 + ∑ 𝐶𝑖𝑗

𝑔
𝑗,𝑖=1

 (1) 

 

where 𝐶𝑖𝑗 corresponds to the element in row i and 

column j in the confusion matrix; and g is the total 

number of classes. The PNM index is used to measure 

the performance of an individual movement related to 

how well the movement was correctly recognized and 

to how well the same movement was discriminated by 

other ones. The index ranges from 1, if all predictions 

are correct, to -1 if all predictions are wrong.  

For the analysis of the results obtained in this 

study, non-parametric approaches were used, which 

are strongly suggested in the literature (Cipriani et al., 

2011) due to not require the assumption of normality. 

Statistical differences among experimental results 

were evaluated using the Wilcoxon rank-sum test to 

compare two groups with unpaired data. 

3  Results  

An assessment of the movements was performed 

by amputees regarding discrimination abilities, taking 

into account the user’s ability to repeat patterns 

belonging to the same movement and to distinguish 

patterns from other movements performed. The 

analysis was divided into both HFM and GM.  

3.1 Individual Finger Movements 

A comparison conducted for eight movements 

using PNM index showed that the rest state is easily 

differentiated from the others. Opening hand 

movement was the most distinguished among others 

(0.45), followed by middle finger (0.09) and closing 

hand (0.01). The index and ring fingers had the 

greatest difficulty for discrimination, with values 

below of -0.14, followed closely by thumb and little 

finger. However, amputees A1, A7 and A10 showed 

easiness to recognize correctly the thumb (PNM from 

0.41 to 0.99) and the index finger movements (PNM 

from 0.10 to 0.52). Also, A7, A8, A9 and A10 showed 

high separability for middle and little fingers.  

Tabela 1. Results for PNM index in individual finger movements. 

Mov. Amputees PNM 

 1 2 3 4 5 6 7 8 9 10 Average 

RT 0.98 1.00 0.39 0.95 0.44 0.48 1.00 0.97 0.89 1.00 0.81 ± 0.25 

F1 0.75 0.00 -0.04 -0.85 -0.41 -0.57 0.99 -0.61 -0.96 0.41 -0.13 ± 0.64 

F2 0.50 -0.20 -0.59 -0.44 -0.60 -0.57 0.10 0.10 -0.27 0.52 -0.14 ± 0.41 

F3 -0.16 -0.29 0.00 0.17 -0.28 -0.66 0.59 0.55 0.74 0.25 0.09 ± 0.43 

F4 -0.16 -0.50 -0.25 -0.31 -0.86 -0.19 0.62 0.71 -0.65 -0.09 -0.17 ± 0.47 

F5 -0.07 -0.72 -0.85 -0.24 -0.55 -0.10 0.75 0.45 0.10 0.20 -0.11 ± 0.48 

HC -0.42 -0.24 -0.22 -0.29 0.08 -0.55 0.99 -0.05 0.20 0.57 0.01 ± 0.45 

HO 0.68 0.41 -0.26 -0.01 -0.04 0.59 0.99 0.65 0.94 0.57 0.45 ± 0.40 
 

Thumb flexion (F1); index flexion (F2); middle flexion (F3); ring flexion (F4); little flexion (F5); hand closing (HC); hand opening 

(HO); rest state (RT). 

 

Tabela 2. Results for PNM index in grasp movements. 

Mov. Amputees PNM 

 1 2 3 4 5 6 7 8 9 10 Average 

RT 0.99 1.00 -0.76 1.00 0.68 0.97 1.00 1.00 1.00 0.99 0.79 ± 0.52 

LD 0.90 0.45 -0.91 -0.06 -0.58 -0.51 0.49 -0.47 0.56 0.30 0.02 ± 0.57 

LT 0.24 -0.04 -0.66 -0.49 -0.19 -0.59 0.06 -0.52 -0.53 -0.12 -0.28 ± 0.30 

T 0.45 -0.24 -0.70 -0.36 0.19 -0.61 0.06 -0.53 -0.32 0.01 -0.21 ± 0.35 

TP -0.07 -0.01 -0.64 -0.37 0.30 0.08 0.05 -0.71 -0.39 -0.02 -0.18 ± 0.31 
 

Large diameter (LD); medium wrap (MW); lateral grasp (LT); sphere tripod grasp (TR); tip pinch (TP); rest state (RT). 
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An individual assessment of subjects showed that 

A7, A8 and A10 had indices above 0.4 in at least five 

movements, while A7 had the index finger almost 0.6. 

On the other hand, A2, A3, A4, A5 and A6 had indices 

below -0.2 for index, ring and little finger movements. 

Also, most participants had negatives indices for 

thumb and closing hand. Overall results are shown in 

Table 1. 

3.2 Grasp Movements 

In general, full hand wrap grasp (LD) had the 

second best PNM index (0.02) after rest state (0.79), 

followed by tip pinch (-0.18). The hardest movement 

was lateral grasp (LT) with 0.28. For amputees A1, 

A2, A7, A9 and A10, LD grasp had a very high 

performance in relation to the other functional 

movements, with indices from 0.3 up to 0.9, which 

means a highlighted easiness to accomplish this 

movement. However, A3 and A5 had the worst 

performance for this movement among the others, 

with indices from -0.58 to -0.91. For A5 and A6, the 

tip pinch showed highest indices (0.3 and 0.08, 

respectively), while A8 had the worst value among the 

other movements (-0.71). Amputees A3, A4 and A9 

also showed trouble to accomplish this movement. In 

relation to tripod grasp, A1 showed a high ability to 

hold similar patterns across repetitions (0.45), while 

A5, A7 and A10 had a medium performance, with 

indices from 0.01 up to 0.19. Among all amputees, A3 

had a strong difficulty, showing a high confusion of 

grasp movements with the rest state. A8 and A4 also 

showed good results, distinguishing very well 

functional movement from rest state (PNM = 1). A4 

also showed an easiness to differentiate LD grasp 

from the other movements. Details of the above results 

can be found in Table 2. 

The amputees showed two different tendencies 

according to their abilities for movement learning. In 

the first one, some amputees achieved a high 

performance with differentiated patterns among the 

proposed movements. In the second one, some 

amputees showed difficulties to generate repeatable 

patterns in some movements, implying that they 

would require additional sessions using the protocol 

proposed to accomplish better results. In relation to 

the amputee’s characteristics, low correlations of 

accuracies with age (ρ = -0.365 for HFM and ρ = 0.134 

for GM), and time since amputation (ρ = -0.290 for 

HFM and ρ = -0.068 for GM) showed a reduced 

impact on the results. 

4   Discussion 

In relation to the discrimination abilities, 

variations in the performance among amputees 

suggest differences in their learning abilities, which 

could determine the duration of a training process. 

Subjects A7 and A1 showed the highest performance, 

for hand/finger movements and for grasp movements, 

respectively. On the other hand, subject A3 showed 

the lowest performance with grasp movements. The 

response variability among participants reported in 

this work may be influenced by factors that were not 

controlled like the number of sessions, fatigue and 

postural control. Another factor that may have 

influenced is the cognitive ability of the volunteers to 

understand and to represent the tasks with his amputed 

limb similar with his sound limb. Likewise, clinical 

and physiological parameters might affect the 

discrimination and learning abilities for a natural 

prosthesis control. 

In general, the subjects had greater difficulty in 

performing the grasp tasks instead of hand/finger 

movements. This is because the more complex tasks, 

like grasp movements, require more training time to 

distinguish the contraction of specific muscles to 

perform dexterous movements. Additionally, the 

muscle integrity of the stump depends on the inherent 

characteristics of the amputation process. Then, in 

many cases it is needed a neuromuscular relearning 

for the transfer function of muscular activity, which 

may differ among subjects. These points need greater 

understanding of the multiple integration processes 

involving learning, forecasting and early control of 

movements. The methodology proposed here helps to 

determine the efficiency of an evidence-based training 

program applicable for pre-prosthetic phase. Despite 

differences when performing tasks during sessions, 

this work can contribute to increase the clinical 

applicability of technologies and accessibility to the 

general population. 

5   Conclusions 

The differences in the performance of amputees 

indicate the importance of proper training for learning 

motor tasks, in order to obtain more robust data for 

clinical applications. Each subject was able to use a 

prosthetic device, despite differences in learning 

abilities. Thus, strategies of training programs should 

take into account these individual differences. In 

future researches, we expect to find similar results of 

our study involving a period of training. However, the 

results provide a basis that could help to develop an 

evidence-based training program applicable at the pre-

prosthetic phase. 
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