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Abstract—Recognising human hand grasp movements through 

surface electromyogram (sEMG) is a challenging task. In this 
paper, we investigated non-linear measures based on recurrence 
plot, as a tool to evaluate the hidden dynamical characteristics of 
sEMG during four different hand movements. A series of 
experimental tests in this study show that the dynamical 
characteristics of sEMG data with recurrence quantification 
analysis (RQA) can distinguish different hand grasp movements. 
Meanwhile, adaptive neuro-fuzzy inference system (ANFIS) is 
applied to evaluate the performance of the above measures to 
identify the grasp movements. The experimental results shows 
that the recognition rate, 99.1%, based on the combination of 
linear and non-linear measures is much higher than that with 
only linear measures, 93.4%, or non-linear measures, 88.1%. 
These results suggest that the RQA measures might be a potential 
tool to reveal the sEMG hidden characteristics of hand grasp 
movements and an effective supplement for the traditional linear 
grasp recognition methods. 

 
Index Terms—Non-linear measures, surface electromyogram 

(sEMG), hand grasp, recurrence plot (RP) 
 

I. INTRODUCTION 
HE surface electromyogram (sEMG) reflects both 
peripheral and central properties of the neuromuscular 

system and presents information of the neural activation of 
muscles [1]. Thus, the analysis of the sEMG signals is 
particularly attractive in that it provides relatively easy access 
to the physiological processes that allow the muscles to 
generate force and movement [2, 3]. One important potential 
application using sEMG signals lies in controlling prosthetic 
devices [4, 5], for instance hand prostheses [6], due to the fact 
that sEMG signals contain the electrical activities of arm 
muscle contraction that undergo many complex transitions in 
different hand movements [7]. However, there are inherent 
difficulties in deriving a general model on the relationship 
between the recorded sEMG and hand gestures when humans 
perform contractions [8]. In order to control a prosthetic 
device, the fundamental challenge is to efficiently handle 

sEMG signals and identify the intention of the users [9]. 
Meanwhile, the exploration of inherent features of sEMG 
signals could be of benefit in understanding the mechanisms 
of neuromuscular systems. Therefore, there is a growing 
interest in tackling this challenge [10]. 

Various methods have been proposed to extract valuable 
information from sEMG signals ranging from traditional linear 
methods such as time and frequency analysis to nonlinear 
methods. In the time domain, traditional methods of EMG 
amplitude analysis mainly consist of the mean absolute value, 
number of zero crossings, waveform length, and number of 
slope sign changes [11, 12]. It should be noted that, during a 
sustained isometric contraction, there is a phenomenon called 
EMG spectrum compression. That is to say that there is an 
increase in the amplitude of the low frequency band and a 
relative decrease in the higher frequency band [13]. To some 
extent, these traditional methods of EMG amplitude have the 
capability of tracking muscular changes [12]. However, 
traditional methods of sEMG amplitude and spectral analysis 
are not effective in analysing complex transient signals [14]. 
In particular, the spectral analysis is based on an assumption 
that the observed variations of electrical field of muscle 
activity are time-invariant (stationary) processes [13]. 
Therefore, these traditional methods fail to detect the critical 
feature of sEMG data during transient human movement since 
this assumption is inconsistent with sEMG dynamics. 

Nonlinear methods derived from the theory of nonlinear 
dynamical systems (also called chaos theory) recently have 
been proposed to analyse the sEMG signals [13]. These 
methods such as the Lyapunov exponents and fractal 
dimension extract an informative feature from sEMG data to 
detect the muscle status changes [15]. However, chaos-based 
approaches assume that the signal is stationary and originates 
from a low-dimensional, nonlinear system [16]. In practice, 
the sEMG signal is a non-stationary signal and stems from a 
highly nonlinear system, which is a complex signal embedded 
in noise [17]. It is thus promising to develop new methods to 
characterize sEMG changes in different neural activation of 
muscles based on nonlinear methods. Moreover, recently 
reported sEMG analysis techniques and tools have made it 
possible to extract the substantial meaningful information 
from recordings of the neuromuscular system [10, 13]. Note 
that chaos-based approaches should be employed to analyse 
sEMG data in constrained conditions. 

It is evident that nonlinear methods have significantly 
inspired research in sEMG signal analysis. For instance, a 
recurrence quantification analysis (RQA) was employed to 
analyse the non-linear dynamical characteristics of sEMG data 
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[3]. One of its key features is the ability of describing non-
linear nature of short and non-stationary signal corrupted with 
noise [18]. RQA methods have been broadly applied to the 
analysis of physiological data, such as electroencephalogram 
data [19], fMRI data [20], heart signals [21], and EMG data 
[22, 23]. A number of experimental studies showed that RQA 
methods have high potential of detecting changes in sEMG 
due to muscle contractions [24] or fatigue [25]. For example, 
Yuan et al. employed RQA measures and BP neural network 
to classify 8 forearm motions, which has been proved to 
achieve a desirable motion classification accuracy [26]. This 
study aims to investigate whether or not the RQA measures 
can extract the sEMG hidden characteristics of hand grasp 
movements and an effective supplement for the traditional 
linear grasp recognition methods.  

II. MATERIALS AND METHODS 
Eight (2 female, 6 male) healthy right-handed subjects 

volunteered for this study. Their ages range from 23 to 40 and 
average is 32.5 years; body height average is 175.5 cm; body 
mass average is 70 kg. All participants gave informed consent 
prior to the experiments according to the University of 
Portsmouth CCI Faculty Ethics Committee.  

A. Experimental Procedure 
The experiment consisted of both freely and different grasp 

gestures. Each type of grasps was repeated 10 times. Every 
motion lasted about 2 seconds. Between every two repetitions, 
participants had to relax hand for 2 seconds in the intermediate 
state, which is opening hand naturally without any muscle 
contraction. Once one motion with ten repetitions was 
finished, participants had to relax hand for 2 minutes before 
the next motion started. This was designed to overcome the 
effects of muscle fatigue. 

B. Data Collection 
The four EMG electrodes were applied to the subject’s right 

forearm muscles, i.e. flexor carpi radialis (channel 1), flexor 
carpi ulnaris (channel 2), flexor pollicis longus (channel 3) 
and flexor digitorum profundus (channel 4). The sEMG data 
were recorded using DataLINK system from Biometrics LTD 
with a gel-skin contact area of about 4 cm2 for each bipolar 
electrode and a centre to centre recording distance of 20 mm. 
The sampling frequency of DataLINK system in our 
experiment was set to be 1000Hz and sEMG signals were 
amplified 1000 times and bandwidth is 20 to 460 Hz using a 
sEMG amplifier (SX230FW sEMG Amplifier, Biometrics 
LTD). To obtain good-quality signals, subjects were scrubbed 
with alcohol and shaved if necessary and then electrodes were 
applied over the body using the die cut medical grade double-
sided adhesive tape. Electrodes locations were selected 
according to the Musculoskelet of these four muscles and 
confirmed by muscle specific contractions, which include 
manually resisted finger flexion, extension and abduction. The 
captured sEMG signals were visualized on a computer screen 
giving participants feedback to choose the positions of 
electrodes with stronger sEMG signals. 

To investigate the dynamical characteristics of sEMG data 
during different grasp gestures, EMG signals were selected 
and dissected from no action (dataset I), grasp and lift an 
orange using five fingers (dataset II), grasp and lift a can full 
of rice using five fingers with the thumb abduction (dataset 
III) and hold and lift a dumbbell (dataset IV) intervals as 
shown in Fig.1. In this study, 80 4-channel 1-sec EMG epochs 
were selected for each dataset. Short (1-sec) EMG signals 
were used since the duration of the grasp gesture is only about 
a few seconds. The criteria for the selection of the EMG 
signals from hand grasps are that the interval is the first 1 
second of hand hold and lift the objects. 

 

 
Fig. 1.  Three hand grasping tasks. 

 

C. Phase Space Reconstruction 
EMG data is non-stationary time series. The first step in the 

analysis of a signal using non-linear dynamics theory is the 
reconstruction of the phase space trajectory of the signal [27]. 
The methods involves time delay are usually used to embed a 
scalar time series   into a m-dimensional space, it is 

),,,( )1( ττ −++= mkkkk uuux ! , where τ)1(,,2,1 −−= mLk ! , 

τ  is the delay time and m is the embedding dimension, 
2≥m . The difficulty of this method is the choice of the delay 

time, τ , and the minimum embedding dimension, m. 
Takens’ theorem assumes that the data is infinite and noise-

free, where the delay time, τ , can be chosen almost 
arbitrarily. However, real EMG data sets are always finite and 
noisy; the choice of the delay time must therefore be carefully 
considered. If τ  is too small, the reconstructed vector is too 
close to serve as independent coordinates; if τ  is too large, 
the reconstructed vector is independent and loses the 
connection with each other [28]. The most common method 
for choosing a proper time delay is based on detection of the 
first local minimum of the mutual information (MI) function 
[29], since the first minimum of the )(τMI  portrays the time 
delay where the signal τ+tu  adds maximal information to the 
knowledge obtained from tu  [29]. The MI method produces 
non-linear characteristics of time series, so it is better to 
estimate time delay than linear autocorrelation functions. 

As for the choice of the embedding dimension, if the m is 
too small, the geometry is not entirely unfolded. As shown in 
Takens’ embedding theorem, it certainly unfolds the attractor 
in m dimensional space when 12 +< dm , where d is the 
dimension of the attractor defined by the orbits. On the other 
hand, if m is too large, it leads to excessive computations and 
enhances the problem of contamination by round off or 
instrumental error. Hence, it is crucial to choose a sufficiently 
large embedding dimension that contains the relevant 
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dynamics in the presence of noise. There are a number of 
different criteria for choosing m presented in the literature. 
Cao proposed a robust and efficient method that determines 
the minimum embedding dimension; it can overcome some 
shortcomings of false nearest neighbors [30]. In this study, the 
MI method [29] and the Cao’s method [30] are employed to 
estimate the delay time and the embedding dimension, 
respectively. 

D. Recurrence Plot and RQA Measures 
Recurrence plots (RP), proposed by Eckmann et al. [31] 

describes the recurrence property of a deterministic dynamical 
system, i.e. visualizing the time dependent behavior of orbits 
ix  in a phase space. The key step of RP is to calculate the 

following NN ×  matrix 
 

NjixxR jiji ,,1,),()(, !=−−Θ= εε                (1) 

 
where τ)1( −−= mLN , ε  is a predefined cutoff distance, 
⋅  is the norm (e.g. the Euclidean norm) and )(xΘ  is a 

Heaviside function. The phase space vector xi can be 
reconstructed using Takens’ time delay method, 

),,,( )1( ττ −++= miiii uuux !  [27], based on the observations 
iu . The cutoff distance ε  defines a sphere centered at jx , if 
ix  falls within this sphere, i.e. the state is close to jx , then Ri,j 

= 1; otherwise Ri,j = 0. The binary values of Ri,j can be simply 
visualized with the colours black (1) and white (0). In short, 
RP can describe the characteristics of large-scale and small-
scale patterns of a dynamical system [31]. 

In order to further investigate the properties of RP, several 
measures of complexity that quantify the small-scale 
structures in RP called recurrence quantification analysis 
(RQA), have been proposed. These measures are based on the 
recurrence point density and the diagonal line structures of the 
RP. For more details please refer to [18]. 

The classical measure of RQA is the recurrence rate (RR) 
 

∑
=

=
N

ji
jiRN

RR
1,
,2 )(1)( εε                           (2) 

 
which simply counts the black dots in the RP. RR is a measure 
of the density of recurrence points. 

The frequency distribution of the lengths l of the diagonal 
structures in the RP is },,2,1;{)( NillP i !==ε . The ratio of 
recurrence points on the diagonal structures (of at least length 
lmin) to all recurrence points is called the DET, and is 
introduced as a determinism (or predictability) measure of the 
system. Its formulation is given as below: 
 

∑∑ === N
l

N
ll llPllPDET 1 )()(
min

εε               (3) 

 
where lmin is the threshold, which excludes the diagonal lines 
formed by the tangential motion of a phase space trajectory, 
which in this study we fixed at lmin=2. 

ENTR refers to the Shannon entropy of the frequency 

distribution of the diagonal line lengths,  
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ENTR is considered as a complexity measure of a 
deterministic structure in a dynamical system. The more 
complex the deterministic structure, the larger ENTR value. 

A parameter specific to the RP is the cutoff distance ε . 
Several criteria for the choice of the cutoff distance ε  have 
been advocated in the literature [32]. One approach uses a 
fixed number of neighbours, nN , for every point of the 
trajectory, called fixed amount of nearest neighbours (FAN) 
[18]). In this approach, the cutoff distance iε  changes for each 
state ix  to ensure all columns of the RP have the same 
recurrence density. Using this neighbourhood criterion, iε  
can be adjusted in such a way that the recurrence rate has a 
fixed predetermined value (i.e. NNRR n= ) [18]; and the RP 
is invariant under enlarging or reducing of the amplitude of 
time series. In this paper, the DET and ENTR are computed for 
all 1-sec EMG recordings (the number of data 1000=L ) with 
a fixed number of neighbours 50=nN . Using this nN  value, 
the recurrence rate RR is about 0.05. 

E. Linear Analysis Methods 
In order to compare the extraction information of EMG 

between linear and nonlinear methods, six well known time-
domain and frequency-domain linear methods, mean absolute 
value (MAV), number of zero crossings (ZC), waveform 
length (WL), number of slope sign changes (SS), mean 
frequency (MF) and peak frequency (PF) are also used to 
analyse the sEMG data. For more details, please refer to [11, 
33]. 

F. Adaptive Neuro-Fuzzy Inference System 
The ANFIS described by Jang Roger [34] is adopted to 

evaluate the ability and effectiveness of the above MPE 
measures in classifying the different seizure phases. The 
ANFIS learns features in the data set and adjusts the system 
parameters according to a given error criterion. It has been 
widely used in analysing the biological signals, such as EEG 
and EMG [35].  

In order to improve the generalization, ANFIS classifiers 
are trained with the back propagation gradient descent method 
in combination with the least squares method. For each 
ANFIS classifier, nonlinear or/and linear features are used as 
inputs. The samples with target outputs, no action (dataset I), 
grasp an orange (dataset II), grasp a can (dataset III) and hold 
a dumbbell (dataset IV) are given the binary target values of 
(0,0,0,1), (0,0,1,0), (0,1,0,0) and (1,0,0,0), respectively.  

III. RESULTS 

A. Choice of Time Delay and Emdedding Dimension 
The first step in RQA is the reconstruction of the m-

dimensional phase space trajectory. The delay time τ  and the 
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embedding dimension m of the EMG epochs are determined 
by using the MI method and the Cao’s method. Fig. 2A plots 
an original EMG epoch. Fig. 2B shows the mutual information 
versus the delay time of the EMG, the delay time τ at the first 
local minimum, τ=4, is selected for the phase space 
reconstruction. Given the delay time, the Cao method is 
applied to determine the embedding dimension, the details can 
be found in [30]. As shown in Fig. 2C, after the m = 9, El does 
not change significantly over the dimension values, as a result 
we may take the minimum embedding dimension as 9 for this 
EMG epoch. 

 
Fig. 2.  The phase space reconstruction of a sEMG epochs. (A) an example for 
sEMG signal; (B) mutual information (MI ) versus delay time, the circle in (B) 
indicates the vicinity of τ, which is at the first local minimum of MI , namely τ 
= 4; (C) embedding dimension, the circle in (C) indicates E1 stops significant 
changing at the m = 9, so take the minimum embedding dimension as 9. 

 
Next, the MI method and Cao method are applied to all 

EMG epochs. The optimum values of τ , based on detection 
of the first local minimum of the MI function, ranged from 2 
to 8 samples (mean and standard deviation is 75.143.3 ± ) for 
different EMG epochs. So the optimum delay time, 4=τ , is 
selected for the phase space reconstruction of the four EMG 
data sets. The optimum embedding dimension m ranged from 
6 to 12 (mean and standard deviation are 04.185.8 ± ) for 
different EMG segments. Therefore, m = 9 is suitable for the 
topologically proper reconstruction of the EMG data. 

B. RQA Measures of sEMG Data 
The RPs, as shown in Fig. 3, are constructed from the phase 

space trajectories of sEMG epochs. Fig. 3 is a representative 
example of sEMG signals from dataset IV, which recorded at 
flexor pollicis longus from subject 1. sEMG epoch  and its 
RPs (m = 9, 4=τ  and 50=nN ) are shown in Fig. 3. Visual 
inspections of RPs show that the diagonal lines structure in the 
RP of sEMG epoch is more regular than ones of dataset I and 
II sEMG epochs. In order to go beyond the visual impression 
yielded by RP, the RQA measures DET and ENTR are 
computed for sEMG epochs. In this example, DET and ENTR 
value of sEMG is 0.528 and 0.579, respectively. 

Next, the RQA measures, DET and ENTR, are applied to 

analyse all 1280 1-sec sEMG epochs in this study (80 x 4-
channel from each dataset I, II, III and IV). The averages of 
DET and ENTR of each sEMG wpochs are represented as a 
bar graph, as shown in Fig. 4(A) and (B), respectively. Fig. 
4(A) shows the DET values of the no action are lower than 
those in the grasp and lift an orange, grasp and lift a can and 
hold and lift a dumbbell. For example, the DET values for the 
sEMG epochs from flexor digitorum profundus averaged 

105.0330.0 ± , 094.0443.0 ± , 077.0376.0 ±  and 110.0563.0 ±  
(mean ± SD) in dataset I, II III and IV, respectively. The same 
observation can also be mode for the ENTR in Fig. 4(B). 
These observations indicated that the alterations of muscle 
electrical activity dynamics could be characterized by the 
measures of RQA. 

 

 
Fig. 3.  sEMG epoch from flexor pollicis longus and its RPs from hold and lift 
a dumbbell (dataset IV). 

 

 
Fig. 4.  Bar graph for the DET and ENTR values of the all sEMG epochs, 
grouped by no action (I), grasp and lift an orange (II) grasp and lift a can (III) 
and hold and lift a dumbbell (IV), from flexor carpi radialis (FCR), flexor 
carpi ulnaris (FCU), flexor pollicis longus (FPL) and flexor digitorum 
profundus (FDP), respectively. Height of each bar represents mean value, and 
the horizontal tick above each bar represents standard deviation. 
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To test these observed mean differences statistically, the 
one-way ANOVA test is performed for DET and ENTR values 
of four different sets. As calculated, the critical value is Fcrit(3, 
316) = 2.63 at α = 0.05, at which point the test statistic must 
exceed to reject the test. In order to further investigate the 
EMG activities of different forearm muscles during hand 
grasp, statistical analysis of the DET and ENTR values in each 
dataset are carried out for flexor carpi radialis, flexor carpi 
ulnaris, flexor pollicis longus and flexor digitorum profundus, 
respectively. For example, the results of DET from flexor 
digitorum profundus are shown in Table I. It can be seen that 
the statistical test yields an F-test (F=82.0) that is much higher 
than the threshold Fcrit (F=2.63). Thereby, this suggests the 
null hypothesis, i.e., no differences of DET between the four 
different groups from flexor digitorum profundus should be 
rejected. The similar results of statistical analysis can be 
obtained from other tests. The F value is 81.1, 80.5 and 43.8 
for DET from flexor carpi radialis, flexor carpi ulnaris and 
flexor pollicis longus, respectively. The F value is 79.2, 82.0, 
37.7 and 79.4 for ENTR from flexor carpi radialis, flexor carpi 
ulnaris, flexor pollicis longus and flexor digitorum profundus, 
respectively. The results suggest that the determinism of 
sEMG data in no action, grasp and lift an orange, grasp and 
lift a can and hold and lift a dumbbell are significantly 
different. 

 
TABLE I 

ONE-WAY ANOVA TEST 
ANOVA 
Source of 
variation 

Sums of 
squares 

(SS) 

Degrees of 
freedom 

(DF) 

Mean 
square 
(MS) 

F-test 

Between 
Samples 2.46 3 0.820 82.0 P<0.05 

Within 
Samples 3.00 316 0.010  

Total 5.46 319   

 
Thus, a Scheffe's post-hoc test (Matlab’s multcompare 

function, statistics toolbox) [36] for all pairwise comparisons 
between the means is used to determine whether there is 
statistically significant difference between any two groups. 
For example, Table II shows the results of multiple 
comparisons analysis of DET values of sEMG data from 
flexor digitorum profundus. In this case, the threshold value 
for Scheffe's post-hoc test can be calculated as below: 
 

036.0
80

63.2*01.0*4**4
===

n
FMSS crit

th .       (5) 

 
When the difference between treatment means is larger than 
the threshold value Sth, there is a statistically significant 
difference between these two groups. The DET values for the 
sEMG epochs from flexor digitorum profundus averaged 
0.330, 0.443, 0.376 and 0.563 in dataset I, II, III and IV, 
respectively. The results suggest that the DET values for the 
sEMG data from flexor digitorum profundus during grasp an 
orange, grasp a can and hold a dumbbell each have 
significantly higher values than the no action, grasp an orange 

and grasp a can each have significantly lower values than hold 
a dumbbell, and grasp an orange significantly differs from 
grasp a can. Similar statistical results can be also obtained 
from the ENTR values. In short, it can be seen that the 
difference between different groups is statistically significant. 

 
TABLE II 

ONE-WAY PAIR-WISE COMPARISONS VIA SCHEFFE’S TEST 
Difference between 
treatment means II III IV 

I 0.113* 0.046* 0.233* 
II - 0.067* 0.120* 
III - - 0.187* 

* imply that the two treatment level means are statistically 
different at the a=0.05 level (Sth=0.036). 

 

 
Fig. 5.  Bar graph for the mean absolute values (MAV) of the all sEMG 

epochs, grouped by no action (I), grasp and lift an orange (II), grasp and lift a 
can (III) and hold and lift a dumbbell (IV), from flexor carpi radialis (FCR), 
flexor carpi ulnaris (FCU), flexor pollicis longus (FPL) and flexor digitorum 
profundus (FDP), respectively. Height of each bar represents mean value, and 
the horizontal tick above each bar represents standard deviation. 

 

C. Linear Analysis of sEMG Data 
The linear techniques mean absolute value (MAV), number 

of zero crossings (ZC), waveform length (WL), number of 
slope sign changes (SS), mean frequency (MF) and peak 
frequency (PF) are applied to analyse all 1280 1-sec sEMG 
epochs in this study (80 x 4-channel from each dataset I, II, III 
and IV). For example, the results of mean absolute value are 
shown in Fig. 5 and the results of one-way ANOVA test for 
MAV from flexor digitorum profundus are shown in Table III. 
It can be seen that the statistical test yields an F-test (F=172.4) 
that is much higher than the threshold Fcrit (F=2.63). Thereby, 
this suggests the null hypothesis, i.e., no differences of MAV 
between the four different groups from flexor digitorum 
profundus should be rejected. The similar results of statistical 
analysis can be obtained from other tests. The F value is 86.0, 
203.3 and 85.1 for MAV from flexor carpi radialis, flexor carpi 
ulnaris and flexor pollicis longus, respectively. Table IV 
shows the results of multiple comparisons analysis of MAV 
values of sEMG data from flexor digitorum profundus. The 
MAV values for the sEMG epochs from flexor digitorum 
profundus averaged 39.5, 79.6, 67.7 and 255.6, respectively. It 
is found that the MAV values for the sEMG data from flexor 
digitorum profundus during grasping an orange, grasping a 
can and holding a dumbbell each are significantly higher than 
that with no action. The same observation can also be made 
for the number of zero crossings, waveform length, number of 
slope sign changes, mean frequency and peak frequency. 
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TABLE III 
ONE-WAY ANOVA TEST 

ANOVA 
Source of 
variation 

Sums of 
squares 

(SS) 

Degrees of 
freedom 

(DF) 

Mean 
square 
(MS) 

F-test 

Between 
Samples 2309607 3 769869 172.4 

P<0.05 
Within 

Samples 1411307 316 4466  

Total 3720914 319   

 
TABLE IV 

ONE-WAY PAIR-WISE COMPARISONS VIA SCHEFFE’S TEST 
Difference between 
treatment means II III IV 

I 40.1* 28.2* 216.1* 
II  12.1 176.0* 
III   187.9* 

* imply that the two treatment level means are statistically 
different at the a=0.05 level (Sth=24.2). 

 

D. Classification 
The performance of the above measures to discriminate 

among groups is also evaluated by means of an adaptive 
neuro-fuzzy inference system (ANFIS) [34], and 10-fold 
cross-validations are employed to demonstrate the accuracy of 
classification [37]. First, the ability of the linear techniques in 
classifying different hand grasp is evaluated using the ANFIS. 
Four ANFIS classifiers are trained with the back-propagation 
gradient descent method in combination with the least squares 
method when the calculated six linear measures are used as 
input. Each of the ANFIS classifier is trained so that they are 
likely to be more accurate for one state of sEMG signals than 
the other states. Samples with target outputs sets I, II, III and 
IV are given the binary target values of (0,0,0,1), (0,0,1,0), 
(0,1,0,0) and (1,0,0,0), respectively. Each ANFIS classifier is 
implemented by using the MATLAB software package 
(MATLAB version 7.0 with fuzzy logic toolbox). The 
classification results are illustrated in Table V. Of 320 hand 
movements in four groups, 299 are classified correctly. The 
total classification accuracy is 93.4%. 

 
TABLE V 

CLASSIFICATION RESULTS WITH LINEAR MEASURES 

Desired result 
Output result 

Free Orange Can  Dumbbell 

Free 78 1 1 0 

Orange 0 69 11 0 

Can 0 6 74 0 

Dumbbell 0 1 1 78 

 
Next, in order to investigate whether or not the RQA 

measures can effectively extract additional hidden information 
from sEMG data, the calculated two non-linear measures are 
used as input data in the ANFIS classifiers, and 10-fold cross-
validations are employed to demonstrate the performance of 
classification. The classification results are illustrated in Table 
VI. Of 320 hand movements in four groups, 282 are classified 
correctly. The total classification accuracy is 88.1%. 

 
TABLE VI 

CLASSIFICATION RESULTS WITH RQA MEASURES 

Desired result 
Output result 

Free Orange Can  Dumbbell 

Free 61 1 18 0 

Orange 0 78 2 0 

Can 11 6 63 0 

Dumbbell 0 0 0 80 

 
Finally, the all calculated linear and non-linear measures are 

used as input data in the ANFIS classifier. Classification 
results of the ANFIS model revealed that, as listed in Table 
VII, only 2 sEMG segments from grasping a can are 
misclassified by ANFIS as grasping an orange sEMG 
segments and 1 sEMG segment from grasping an orange is 
mistaken as grasping a can. The total classification accuracy 
of ANFIS model is 99.1% by using 10-fold cross-validations. 
 

TABLE VII 
CLASSIFICATION RESULTS WITH LINEAR AND RQA MEASURES 

Desired result 
Output result 

Free Orange Can  Dumbbell 

Free 80 0 0 0 

Orange 0 79 1 0 

Can 0 2 78 0 

Dumbbell 0 0 0 80 

 

IV. DISCUSSIONS 
The sEMG signal is a measure of the summed activity of a 

number of motor unit action potentials (MUAP) lying in the 
vicinity of the recording electrode, and it may provide insight 
into the neural activation and dynamics of muscles [38, 39]. 
The composition of a sEMG signal from MUAPs results in a 
nonlinear and stochastic signal because of the different firing 
rates and the large number of motor units that contribute [40]. 
Thus, the sEMG signals are complex data that needs to be 
condensed with useful information; analysis of sEMG using 
nonlinear dynamics can provide a better insight into the 
complex relation between sEMG and muscle activities. In 
particular, nonlinear sEMG analysis has opened up a range of 
new perspectives for the study of normal and disturbed 
neuromuscular function [25] and its development to a new 
interdisciplinary field of nonlinear muscle dynamics [41]. 
Therefore, exploration of hidden dynamical structures within 
sEMG signals is of both basic and clinical interest and has 
attracted more and more attention [42, 43]. 

In this study, we have analysed non-linear dynamical 
characteristics in sEMG data during different hand grasp states 
using the RQA measure. It is found that there is a significant 
increase of the determinism of the sEMG data from no action 
state to hand grasp states. Similar results have been reported 
previously. In [44], the RQA method was applied to indicate 
the deterministic dynamics of the sEMG signals during the 
muscle state changes. In [3], the measure DET is used to 
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detect the hidden rhythms in sEMG signals; the high values of 
DET in the sEMG signals during the contraction are found, 
and it was shown that DET is more effective than median 
frequency in detecting sEMG changes determined by brisk 
transients of force output. The increase in determinism is 
classically attributed to sEMG self-organization into more 
periodic waves, this process which may be caused by an 
increase in the probability that motor units will discharge in 
unity [25].  

Furthermore, our results showed that there is a significant 
difference in the determinism of the sEMG data from forearm 
muscles among grasp an orange, grasp a can and hold a 
dumbbell. On one hand, our results demonstrated that the DET 
values for the sEMG data from flexor digitorum profundus 
have significantly higher values during hold a dumbbell than 
during grasp an orange and a can. This finding is consistent 
with the fact that the contractions of flexor digitorum 
profundus during hold a dumbbell are stronger than those 
during grasp an orange and a can. In terms of anatomy, it is 
well known that the flexor digitorum profundus muscle is a 
muscle of the human forearm that acts to flex the fingers [45]. 
Then, the ANFIS is applied to evaluate the performance of 
non-linear measures to discriminate among four hand grasp 
movements. A total classification accuracy of 88.1% is 
achieved. Moreover, the hand gestures of grasp a can and hold 
a dumbbell can be separated nicely when using the DET and 
ENTR measures. 

Finally, the classical linear techniques are also used to 
extract the features from sEMG data. It is found that the high 
mean absolute values in the sEMG signals during the 
contraction are found. These results are consistent with the 
previous works that muscles in the process of contraction 
exhibit the increases in sEMG amplitude [11]. Then, the 
ANFIS is applied to evaluate the performance of linear 
measures to discriminate among four hand grasp movements. 
A total classification accuracy of 93.4% is achieved based on 
the traditional linear techniques. Moreover, it is found that the 
linear measures can provide a better separability between no 
action and grasp an object than the non-linear measures. 
Additionally, a total classification accuracy of 99.1% is 
achieved based on the combination of linear and non-linear 
measures. Thus, these results suggest that both linear and non-
linear measures of sEMG may contribute to the understanding 
of the electrical activities of muscle contraction during hand 
grasp, and our findings provide further support for the notion 
that different information about muscle electrical activities 
may be extracted using linear and non-linear measures. 
Another significant note is that the RQA measures of a single 
channel sEMG of 1 s could be calculated in less than 20 ms by 
using MATLAB (Math Works Inc.) on a 2.4 GHz personal 
computer in this study. Therefore the combination of RQA 
measures and linear measures in the sEMG data has the 
potential of providing the basis for designing a real-time hand 
grasp movement detection system. 

It is challenging that employing sEMG, due to its highly 
dynamic nature, to detect the changes of muscles for 
musculoskeletal assessment and prosthetic control. It is 

expected that the reported findings would lead to a solution for 
sEMG in-depth understanding and further reduction of 
patients’ conscious efforts in monitoring dynamic hand motion 
of controlled prosthetic devices. One of the future works is 
targeted to investigate non-linear classifiers to further improve 
the classification performance for more natural hand motions 
[46, 47]. 
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