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 Muscles of the forearm are related to finger motion, and the forearm is divided into the 
anterior and posterior compartments.  The anterior compartment of the forearm is further 
divided into the superficial, intermediate, and deep layers, and the posterior compartment into 
the superficial and deep layers.  The superficial-layer muscles are related to wrist motion, and 
the deep-layer muscles to finger motion.  Owing to these anatomical features, electromyogram  
signals from the superficial layer are mixed with those from the deep layer.  In this paper, we 
introduce a system of multi-sensor array electrodes covering the entire forearm.  We developed 
them to estimate muscle activities from not only the superficial layer but also the deep layer.  
The electrodes were made from conductive fibers and easy to set up.  The EMG signals detected 
by these sensors were examined by independent component analysis.  

1. Introduction

 When we manipulate objects with our hands, arm posture is properly controlled according 
to our intention.  Our arm has redundant joints, and the posture of the arm is also controlled 
depending on the task requirement.  Depending on the object weight or required force, not only 
the posture but also force and impedance are controlled simultaneously.  To measure these 
parameters, 3D position, force-torque sensors are used.  However, the impedance of joints is 
difficult to measure because it cannot be measured under a static condition.  Perturbation is 
usually applied to measuring impedance.  
 Hand motion is realized by muscle contraction, whose force can be estimated by measuring 
electromyogram (EMG) signals.  Muscle contraction pulls the bone and cannot push the 
bone back to its original position, so an antagonist muscle is required.  On the basis of this 
mechanism, there are an infinite number of combinations of various activities of muscles to 
generate the same net joint torque.  Shin et al. measured several EMG signals from the shoulder 
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and elbow and estimated joint torque from only EMG signals using a musculoskeletal model.(1)  
In their study, zero net joint torques with different cocontraction levels were also estimated.  
Kawase et al. applied this model to control a prosthetic hand or a power-assisted robot.(2)  They 
also used electroencephalogram (EEG) signals to estimate EMG signals to control robots.(3)  
 Surface EMG signals are measured to estimate muscle force, and each electrode is attached 
to a location for a specific muscle.  The location of the sensor is quite important and there are 
several limitations.  The activity of a muscle corresponds to the amplitude of the measured 
signal.  The fibers in the middle of a muscle have a larger diameter.  When the electrode 
is located on the innervation zone, the amplitude of EMG signals decreases because of the 
cancellation of the action potentials of signals traveling in the opposite direction.  There is also 
crosstalk with signals from adjacent muscles.  
 Muscles of the forearm are related to finger motion, and the forearm is divided into the 
anterior and posterior compartments.  The anterior compartment of the forearm is further 
divided into the superficial, intermediate, and deep layers, and the posterior compartment into 
the superficial and deep layers.  The superficial-layer muscles are related to wrist motion, and 
the deep-layer muscles to finger motion.  Owing to these anatomical features, EMG signals 
from the superficial layer are mixed with those from the deep layer.  
 For estimating muscle fiber conduction velocity, the location of EMG electrodes is quite 
important and anatomical knowledge is required for the correct placement of the electrodes and 
to find the innervation points.  Linear electrode arrays are being developed.(4,5)  Some studies 
used high-density EMG array electrodes(6,7) to estimate hand kinematics.  High-density and 
two-dimensional grid electrodes have also been developed for finding the localization and size 
estimation of motor units.(8)  The size of an electrode should fit one muscle, so that the electrode 
can detect the characteristics of each muscle.  
 In this paper, we introduce a system of multi-sensor array electrodes (MSAEs) covering the 
forearm to estimate muscle activities from not only the superficial layer but also the deep layer.  
Independent component analysis (ICA) of multichannel signals was carried out and we found 
that calculated independent components (ICs) are related to the muscle activities depending on 
the task of the fingers or wrist.  

2. Materials and Methods

2.1 Torque estimation from EMG signals

Figure 1 shows a schematic image of hand force estimation from EMG signals.  Muscle force is 
estimated on the basis of the musculoskeletal system, and joint torque is calculated from muscle 
force and moment arm.  We have been developing a musculoskeletal model, and using this 
model, joint torque was estimated from only EMG signals.
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Here u, i, and j are the normalized surface EMG signals, the number of the joint, and the 
number of the muscle, respectively.  fmusclej , k0 + k1uj, and l0 + l1uj are the muscle force, the 
muscle stiffness, and the change in the natural length of the muscle, respectively.  aij is the 
moment arm, which is the length from the line of muscle to the joint center, and θj is the joint 
angle.  Joint torque is calculated from muscle force and moment arm as shown in Fig. 1, and 
joint stiffness is defined by ∂τ/∂θ.  The equilibrium angle is calculated using Eq. (1).(1)  To apply 
this musculoskeletal model, each muscle force has to be estimated from sensor signals.  
 Figure 2 shows (a) a cross section of the forearm, (b) the locations and names of muscles, and 
(c) the relationship between EMG signals and electrodes.  An adjacent electrode measures the 
EMG signal from the same superficial-layer muscle (red signals), but several electrodes receive 
signals from the deep-layer muscle (green signals).  These red and green signals are measured 
simultaneously for each electrode.  

2.2 ICA for processing measured signals of deep muscle activation

 ICA is a signal processing method to separate independent signals that are linearly mixed 
in multiple sensors.(9,10)  The problem of blind signal separation is solved by ICA in various 
research fields, such as speech recognition, data communication, and sensor signal processing.  
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where A is an unknown mixing matrix, and s(t) and x(t) are the source signals and observations, 
respectively.  It is difficult to recover the original signals s(t), but the matrix W may recover the 
original signals to minimize the error between s(t) and y(t).  

2.3 Experimental setup

 One subject participated in the experiment.  The study protocol was approved by the ethics 
committee of the Tokyo Institute of Technology and was carried out in accordance with the 
Declaration of Helsinki.  Written informed consent was obtained from the participant.  

Fig. 1. Signal flows for hand force estimation.  (a) Measurement from EMG signals.  (b) Muscle force and joint 
torque estimation. (c) Hard force. 

(a) (b) (c)
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The participant sat on a chair and was given a command by a stimulus program on the screen 
located 0.5 m away to perform wrist flexion/extension and finger motion tasks in front of a 
camera, as shown in Fig. 3.  The MSAEs were attached to the right forearm of the participant.  
EMG signals were measured using our newly developed system of MSAEs (SMK Corp., 
SEIREN Co. Ltd.).  EMG signals were recorded from 32 positions with 24-bit resolution.  
Signals were acquired at a sampling rate of 500 Hz.  EMG data were analyzed by MATLAB, 
and FastICA was used for ICA components.  Wrist and finger motions were measured by an 
OptiTrack system (NaturalPoint, Inc.).

3. Results

 Figure 4 shows the raw EMG (blue) and quasi-tension (orange) data from the MSAEs for the 
flexion/extension task.  The flexor muscle and extensor muscle are activated alternately.  Some 
muscles are activated in both the flexion and extension phases.

Fig. 2. (Color online) Muscle locations. (a) Cross section of forearm and (b) muscle locations and names, and (c) 
relationship between EMG signals and electrodes.

(a)

(b)

(c)
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Fig. 3. (Color online) Experimental setup.

Fig. 4. (Color online) EMG measurement results from MSAEs.

 Figure 5(a) shows the joint angle and quasi-tension generated during the task and Fig. 5(b) 
shows ICA components obtained using one-line sensor data.
 The first IC corresponds to the wrist flexion motion and the second IC corresponds to the 
extension motion.  Channels 17 to 23 include an activation pattern similar to that of the first IC, 
but the second IC eliminates this activation pattern and only the extension activation pattern 
remains.  
 Channels 17 to 23 include a similar activation pattern.  This means that the signal source is 
the deep layer.  

4. Discussion

 We showed that the ICA components can be calculated from the data of MSAEs that cover 
all the muscles in the forearm.  From the analysis of the weight matrix W in Eq. (2), the MSAEs 
were found to be related to the ICA components, as shown in Fig. 6.  In each row, a small 
number of values are large; this means that the signal source is close to an electrode.  When 
many electrodes are related to an ICA component, the signal source is the deep layer, as shown 
in Fig. 2.  
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5. Conclusions

 In this paper, a system of MSAEs covering the entire forearm to estimate muscle activities 
from not only the superficial layer but also the deep layer is introduced.  The conventional 
method of placing one electrode at a muscle position is difficult to use in daily life.  Recently, 
conductive fibers have been used for electrodes for measuring heart rate.(11)  In collaboration 
with SMK Corp and SEIREN Co. Ltd., we have been developing a device whose electrodes are 
made from a conductive fiber and are evenly arranged.  Thirty-two channel signals are sent to a 
PC via Bluetooth (Fig. 7).  

Fig. 6. (Color online) ICA weight values. Fig. 7. (Color online) Array electrodes made from 
conductive fibers.

Fig. 5. (Color online) (a) EMG sensor data and (b) ICA components.

(a) (b)
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 Finger motions were estimated using these signals on the basis of the musculoskeletal 
model, and ICA showed significantly good results compared with EMG sensor data.(12)  
Our MSAEs are markedly advantageous for the measurement of EMG signals without any 
anatomical knowledge about the locations of muscles.  However, it took a long time to attach all 
electrodes.  When a user wears this device like a sleeve, the electrodes are not exactly located 
on the muscles, but the information of EMG activities can be extracted by ICA.  In future, the 
preparation period for measurements will be reduced and the device will be made easy to use.
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