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Abstract1 

The human-assisting robot can be helpful for 
improving the life quality of the disabled and elderly. 
As Electromyography (EMG) is a physiological signal 
generated during muscle contraction, it implicates, to 
certain extent, the human intention for movement, 
and is thus very suitable to serve as the control signal 
for the assisting robot. In this paper, we develop an 
upper-arm EMG-based robot control system, which 
provides a natural and intuitive manipulation. To 
satisfy the demand of real-time control, we propose a 
simple and effective method for the mapping between 
the upper-arm EMG signal and corresponding 
movement. However, due to the fuzziness inherent in 
the EMG signals, which are time-varying and highly 
nonlinear, the tuning for system parameters is not 
that straightforward. We therefore employ the 
concept of fuzzy system to find proper parameters 
that better suit for the individual users. To provide 
better adaptive capability, we propose using the 
adaptive neuro-fuzzy inference system (ANFIS) to 
realize the fuzzy system. We perform a series of 
experiments to demonstrate the effectiveness of the 
proposed adaptive upper-arm EMG-based robot 
control system. 

Keywords: Adaptive neuro-fuzzy inference system, 
Electromyography (EMG) signal, Human-assisting 
robot. 
 

1. Introduction 
 

Nowadays, the number of disabled and elderly is 
increasing. With a decreasing birthrate, the development 
of the human-assisting robot is imperative for them to 
alleviate the dependence and improve the quality of life. 
Teach box, joystick, and keyboard, are traditional 
devices used for robot manipulation. Currently, voice 
control also becomes an alternate [1]. Meanwhile, 
Electromyography signal, as a physiological signal 
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generated during muscle contraction, is also adopted for 
the manipulation of the rehabilitation device. EMG 
signal reflects the muscular force level, and consequently 
the human intention for movement. As it leads to a more 
natural and intuitive manipulation, EMG is very suitable 
to serve as the control signal. Researches have been 
devoted for applying the EMG signal for robot motion 
governing. Fukuda et al. [2] proposed teleoperating a 
human-assisting manipulator by using EMG signals. 
Artemiadis and Kyriakopoulos [3] proposed an 
EMG-based position and force control scheme for robot 
arm. Ferreira et al. [4] applied the EMG and EEG for 
developing the interfaces for robot systems. Gao et al. [5] 
developed a robotic arm wrestling system based on 
EMG and artificial neural network. And, Gopura and 
Kiguchi [6] developed exoskeleton robots for assisting 
the motion of physically weak individuals based on 
EMG and fuzzy control. 

Among these researches, EMG signals were identified 
to be affected by noises, such as ECG crosstalk, 
electromagnetic induction from power lines, and arm 
and cable movements. Meanwhile, muscle mutual 
interference, physiological condition (e.g., fatigue), skin 
impedance, etc., also contribute to the fuzziness of the 
EMG signals, which are time-varying and highly 
nonlinear. These EMG properties much increase the 
difficulty in extracting proper EMG features for motion 
classification. Some researchers proposed using the 
learning approach, e.g., the neural network [5,7-8], and 
reported salient performance. However, the learning 
approach demands certain computational load and incurs 
some system complexity for the learning and training 
processes involved. In this paper, we propose an initial 
point detection method [9], which can effectively 
establish the relationship between the upper-arm EMG 
signals and corresponding movements. The proposed 
method does not involve complicated computation nor 
training and learning processes. However, system 
parameters need to be tuned to adapt to the status of the 
individual user. To tackle it, we propose using the 
concept of the fuzzy system, so that the tedious process 
encountered in the trial and error method can be avoided. 
For its excellence on adaptation, we employ the adaptive 
neuro-fuzzy inference system (ANFIS) [10-13] to realize 
the fuzzy system. The ANFIS has been successfully 
implemented in biomedical engineering for classification 
[14-17] and robot control [18-19]. To demonstrate the 
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effectiveness of the proposed approach, a series of 
experiments are performed. 

The rest of the paper is organized as follows. Section 
2 describes the proposed upper-arm EMG-based robot 
control system, including the modules for EMG signal 
measurement and processing, feature extraction, and 
motion classification with adaptation. Section 3 presents 
the experimental results. And, Section 4 gives the 
conclusion. 
 

2. Proposed Upper-Arm EMG-Based Robot 
Control System 

 
Figure 1 shows the system diagram of the proposed 

upper-arm EMG-based robot control system, which 
consists of three main modules: signal measurement and 
processing, feature extraction, and motion classification 
with adaptation. The signal measurement and processing 
module measures the raw EMG signals and also filters 
out the noises. The filtered EMG signals are then sent to 
the feature extraction module to derive their features. 
With the extracted features, the motion classification 
with adaptation module determines the corresponding 
arm movements and generates the commands to drive 
the human-assisting robot. From the resultant robot 
motion, the operator evaluates the performance and 
determines next movement. These three modules are 
described below. 

 
Figure 1. Proposed upper-arm EMG-based robot control 

system. 

A. Signal Measurement and Processing 
For EMG signal measurement, we need to consider 

the locations and areas on those muscles involved during 
upper-arm movement. We focus on the EMG signals of 
the primary flexor and extensor muscles, i.e., Biceps 
Brachii and Triceps Brachii, respectively. The 
measurement also depends on the regions where the 
electrodes are placed. To obtain more precise EMG 
signals, the electrodes need to be placed on the belly of 
the muscle. Several types of noises may affect the 
measurement of the EMG signals, such as ECG crosstalk, 
electromagnetic induction from power lines, and arm 
and cable movements. The ECG crosstalk can be 
suppressed by measuring signals from those muscles 
away from the heart. The frequency of the 

electromagnetic noise is around 60 Hz, which is within 
the primary frequency of the EMG signal (50~150 Hz). 
Therefore, the band-rejection filter is not suggested for 
its removal. Meanwhile, the frequency distribution for 
the arm and cable movements is around 0 to 20 Hz, 
which can be tackled using a high-pass filter. 
 
B. Feature Extraction 

Four famous feature extraction indices, mean absolute 
value (MAV), variance (VAR), bias zero-crossing 
(BZC), and Willison amplitude (WAMP) are frequently 
used to extract the EMG signals. The formulae for these 
indices are listed in Table 1, in which kX  denotes the 
kth sampling data in the window for computing the 
feature and N is the window length. MAV is taken as a 
signal power estimator and VAR that for power density. 
Both MAV and VAR are frequently used to estimate the 
contraction level of the muscle. BZC, which includes a 
bias value for dealing with background noise or 
disturbance, counts the zero-crossing, i.e., the number of 
times the signal passes a biased zero, thus providing 
frequency information of the EMG signal. And, WAMP, 
that counts the number of times that the signal amplitude 
exceeds a predefined threshold, serves as an indicator of 
the contraction level of the muscle. The proposed 
method adopts MAV as the feature extraction index, 
because we intend to evaluate the contraction level of the 
muscle. Meanwhile, VAR can also be an alternative. 

Table 1. Feature extraction indices and formulae. 
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C. Motion Classification with Adaptation 
To achieve real-time motion classification, we 

propose an initial point detection method to deduce the 
motion intention from the EMG signal [9]. This method 
determines the onset of the upper arm motion via 
detecting the instant when the magnitude of the 
extracted EMG feature reaches the critical values. 
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From the observation, muscle states exhibit fluctuations 
during both relaxation and flexion. Figure 2 shows an 
example, in which MAV is used to evaluate the EMG 
signal of Biceps Brachii. In Figure 2, section A indicates 
the muscle state during relaxation, and section B that 
during flexion, both of which exhibit some fluctuations. 
We thus propose a concept of double critical value 
detection, as illustrated in Figure 3 [9]. In Figure 3, the 
state of the muscle MS is determined to be active when 
the initial value for the feature Fk is larger than the upper 
critical value CVu, and MS inactive when Fk is smaller 
than the lower critical value CVl. And, an active MS 
corresponds to an “ON’’ robot command and an inactive 
one for that of “OFF’’. This relationship can be 
formulated as 

⎩
⎨
⎧

=
,0
,1

MS
if
if

lk

uk

CVF
CVF

<
>            (1) 

 
Figure 2. EMG signal evaluation of Biceps Brachi using MAV 

(Horizontal coordinate: Time (second), Vertical coordinate: 
Amplitude (voltage)). 

 
Figure 3. Conceptual diagram for double critical value 

detection. 

The selection of CVu and CVl is very critical for the 
performance of the motion classifier. A high CVu implies 
that the user has to generate a larger force to move the 
robot arm. It may lead to muscle fatigue, in addition to 
the increase of the crosstalk between muscles. On the 
contrary, a small CVu results in low tolerance against the 
noise. Meanwhile, a large CVl may make the robot arm 
stop its movement earlier than that of the user, while a 

small CVl lead to the opposite. Their selection is 
user-dependent. For finding proper CVu and CVl, we first 
utilize the empirical knowledge to generate the fuzzy 
rules, listed in Table 2, where MAV (time-domain 
estimation) and BZC (frequency-domain estimation) are 
the input variables, CVu (CVl) the output variable, W, M, 
and S stand for weak, middle, and strong, and L, M, 
and H for low, middle, and high. We then employ the 
ANFIS for automatic parameter tuning. Figure 4 shows 
the conceptual diagram of the proposed ANFIS, in which 
the IF-THEN rules are formulated as  

Ri: IF MAV is Ai and BZC is Bi THEN CVu (CVl)i, = pi 
⋅MAV + qi ⋅BZC + ri, i∈{1,2, …,9}            (2) 

where A, B = {W, M, S} are linguistic variables, and 
[ ]iii rqp  the consequent parameter set, determined 
by the least square method. 

The proposed ANFIS consists of five layers, as shown 
in Figure 5. Layer 1 is the input layer. Each node in this 
layer represents an input variable of the model with the 
membership function: 

( )MAVO
iAi μ=1 ,  ( ),1

3 BZCO
iBi μ=+   3,2,1=i  (3) 

The bell-shaped membership function is employed, 
shown in Figure 6, and expressed as 

( )[ ]{ } ii b
ii

A
acMAV

MAV
2/1

1)(
−+

=μ , 3,2,1=i  (4) 

( )[ ]{ } ii b
ii

B
acBZC

BZC
2/1

1)(
−+

=μ , 3,2,1=i  (5) 

where [ ]iii cba  represents the premise parameter 
set, which can be determined by the backpropagation 
gradient descent method. Layer 2 is the inference layer. 
Each node in this layer is multiplied by the input signals 
to become iw , the firing strength of the rule: 

( ) ( ),2 BZCMAVwO
ii BAii μμ ×==  9,,2,1 ⋅⋅⋅=i  (6) 

Layer 3 is the normalization layer that normalizes the 
firing strength by calculating the ratio of thi  firing 
strength to their sum: 

,9
1

3

∑ =

==

i i

i
ii

w

w
wO  9,,2,1 ⋅⋅⋅=i       (7) 

Layer 4 is the output layer. Each node multiplies the 
normalized firing strength by the consequent function to 
generate the qualified consequent of each rule. The 
output of the node is computed as 

( ) ( ),4
iiiiiluii rBZCqMAVpwCVCVwO +⋅+⋅==  

9,,2,1 ⋅⋅⋅=i                               (8) 
Layer 5 is the defuzzification layer, which computes the 
weighted average of the output signals from the output 
layer: 

A       B 
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Table 2. Fuzzy rule base. 
BZC CVu (CVl) W M S 

W L L L 
M L M M MAV 
S L H H 

 
Figure 4. Conceptual diagram of the proposed ANFIS for CVu 

and CVl determination. 
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Figure 5. Structure of the ANFIS for the proposed system. 

 
Figure 6. Bell-shaped membership functions for input 

variables. 

3. Experiments 

In the experiments, we applied the proposed system 
for robot motion governing based on the measured 
upper-arm EMG signals. Figure 7 shows the 
implementation of the proposed system for experiments. 
In Figure 7, the measured EMG signals are first 
amplified using the ETH-256 physiological signal 
amplifier (manufactured by iWorx Systems, USA), and 
the amplified analog signals then transformed into digital 
signals via National Instrument USB-6009 A/D data 
acquisition device (with 1 KHz sampling rate). The 
digital signals are further forwarded to the LabVIEW 
development system, which includes a sixth-order 
band-pass Butterworth filter (with the cut-off 
frequencies at 20 and 400 Hz, respectively), a 
10-sampling-data-window feature extractor, an initial 
point detector and ANFIS, and a motion classifier. Via 
the processing, motion commands are determined and 
sent to a 6-DOF (degree of freedom) Mitsubishi RV-2A 
robot arm for execution (with only link three 
manipulated). Two sets of electrodes are placed on the 
Biceps Brachii, marked as CH1+/-, and the Triceps 
Brachii, marked CH2+/-, respectively. When EMG 
signals from both CH1 and CH2 are determined to be 
OFF, the classifier outputs 0 as relaxation; ON for CH1 
and OFF for CH2, outputs 1 as flexion; OFF for CH1 
and ON for CH2, outputs 2 as extension; and ON for 
CH1 and ON for CH2, outputs 3 as error detection. 
Table 3 summarizes the mapping from EMG to robot 
movement. For performance evaluation, we define the 
successful discrimination rate (SDR) as the times that 
the robot arm follows the motion of the subject’s upper 
arm correctly out of the total number of classification: 

%100
tionclassifica ofnumber Total
followingmotion   successful ofNumber 

×=SDR

         (10) 
 
 

LabVIEW Development System 
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Figure 7. Implementation of the proposed system for 
experiments. 

 
Two male and two female subjects (with their 

physical data listed in Table 4) were asked to flex and 
extend their upper arms to move the robot arm for five 
times consecutively, as illustrated in Figure 8. For 
comparison, the sets of CVu and CVl were obtained by 
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both the trial and error method (Experiment 1) and the 
proposed ANFIS (Experiment 2). For Experiment 1, we 
made efforts to find proper CVu and CVl that achieved 
high discrimination rates for the four subjects, as listed 
in Table 5. The experimental results are shown in 
Figures 9-11. Figures 9-10 show the raw and filtered 
EMG signals for subjects A-D, respectively. Subject D 
exhibited higher fluctuations during flexion and 
extension, indicating that her skin impedance might be 
lower than those of others. Figure 11 shows the outputs 
from the classifier. The classification for these four 
subjects was in general successful, while one error 
detection at flexion was found for each of subjects B and 
C, and several doubtful ones for subject D. The SDR for 
each of them is 100%, 95.2%, 95.2% and 90.5%, 
respectively. It reveals that the system had detected some 
mutual muscle interferences during movements, and the 
low impedance of subject D affected the recording of 
EMG and consequently the classification. 
 

Table 3. Mapping from EMG to robot movement. 

EMG 

CH1 CH2 

Upper-arm 
Status 

Classifier 
Output Robot Arm

OFF OFF Relaxation 0 STOP 
ON OFF Flexion  1 UP 
OFF ON Extension 2 DOWN 
ON ON Error 3 STOP 

 

 
 
Figure 8. Robot arm movements corresponding to upper-arm 

movements. 
 

Table 4. Physical data of the subjects. 

Subject Height 
(cm） 

Weight 
(kg） Gender Muscle for 

electrode 
A 166 60 Male Slender 
B 160 75 Male Fat 
C 155 52 Female Ordinary 
D 150 50 Female Ordinary 

 
 
 

Table 5. Critical values via the trial and error method. 

CH 1  CH 2  Subject CVu CVl CVu CVl 
A 4 2 3 2 
B 3.2 1.5 3 2 
C 4 3 5 4 
D 3 2.5 3 2.5 

 

 
(a) subject A 

 
(b) subject B 

 
(c) subject C 

 
(d) subject D 

 
Figure 9 Raw EMG signals for subject A-D in Experiment 1, 

upper CH1, lower CH2 (Horizontal coordinate: Time (sample), 
Vertical coordinate: Amplitude (voltage)). 
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(a) subject A 

 

 
(b) subject B 

 

 
(c) subject C 

 

 
(d) subject D 

 
Figure 10 Filtered EMG signals for subject A-D in Experiment 
1 (Horizontal coordinate: Time (sample), Vertical coordinate: 

Amplitude (voltage)). 
 

  
(a) subject A 

 

 
(b) subject B 

 

  
(c) subject C 

 

 
(d) subject D 

 
Figure 11 Outputs from the classifier for subjects A-D in 

Experiment 1 (Horizontal coordinate: Time (second), Vertical 
coordinate: State (numbers 0-3 correspond to STOP, UP, 

DOWN, and ERROR, respectively)). 
 

In Experiment 2, CVu and CVl were determined by the 
proposed ANFIS, as listed in Table 6. Figures 12-13 
show the raw and filtered EMG signals, and Figure 14 
the outputs from the classifier. The classification was 
very successful for all four subjects. The SDR is 100% 
for every subject. From classification results in Figures 
11 and 14, CVu and CVl provided by the proposed 
ANFIS did achieve better performances than those by 
the trial and error method. 
 

Table 6. Critical values via the proposed ANFIS. 
CH 1  CH 2 Subject CVu CVl CVu CVl 

A 3.34 2.51 2.51 2.44 
B 3.29 2.46 3.27 2.46 
C 2.59 1.94 4.14 3.1 
D 3.47 2.6 4.19 3.15 

 
4. Conclusions 

 
This paper presents an adaptive upper-arm 

EMG-based robot control system. Via the ANFIS, the 
critical values for the initial point detection method 
adopted in the proposed system are determined. 
Experiments have been performed to demonstrate its 
effectiveness. In future works, we plan to apply the 
proposed system to govern arm motions with multiple 
degrees of freedom, in which close coupling between 
joints needs to be tackled. 
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(a) subject A 
 

 
 

(b) subject B 
 

 
 

(c) subject C 
 

 
 

(d) subject D 
 
Figure 12 Raw EMG signals for subject A-D in Experiment 2, 
upper CH1, lower CH2 (Horizontal coordinate: Time (sample), 

Vertical coordinate: Amplitude (voltage)). 

 
 

(a) subject A 
 

 
 

(b) subject B 
 

 
 

(c) subject C 
 

 
 

(d) subject D 
 
Figure 13 Filtered EMG signals for subject A-D in Experiment 
2 (Horizontal coordinate: Time (sample), Vertical coordinate: 

Amplitude (voltage)). 
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(a) subject A 

 

 
(b) subject B 

 

 
(c) subject C 

 

 
(d) subject D 

 
Figure 14 Outputs from the classifier for subjects A-D in 

Experiment 2 (Horizontal coordinate: Time (second), Vertical 
coordinate: State (numbers 0-3 correspond to STOP, UP, 

DOWN, and ERROR, respectively)). 
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