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1. Introduction 
 

The number of extremity amputations resulting from workplace mishaps, traffic accidents 
and other incidents has shown an increasing trend over time, although the importance of 
safety management and the prevention of such accidents is fully recognized. Since precise 
and complex motion may be very difficult in the daily activities of amputees, the 
development of prosthetic systems is necessary to support their lives and enable social 
integration. In particular, there is a mandatory requirement for the development of 
externally powered prosthetic hands with a natural feeling of control, since the role played 
by this part of the body is very important. However, the control of such hands is 
problematic, and they must be carefully designed in line with the amputee’s remaining 
functions. 
Many researchers have designed prosthetic limbs for amputees since the concept was 
proposed by N. Wiener in Cybernetics [1]. In previous research, electromyograms (EMGs) 
have been widely used as an interface tool for prosthetic hands because EMG signals 
contain information about the operator’s intended motion [2] – [8]. For example, an EMG-
prosthetic hand made in the USSR [2], the Waseda hand developed by Kato et al. [3], the 
Boston arm by MIT [4] and the Utha artificial arm by Jacobson et al. [5] were all pioneering 
steps in the field. Since EMG signals also include information on the force level and 
mechanical impedance properties of limb motion, Akazawa et al. [6] estimated the force of 
flexors and extensors from these signals and proposed a scheme to use them in controlling a 
prosthetic hand. Abul-haj and Hogan [8] also proposed prosthetic control based on an 
impedance model and analyzed its control characteristics.  
Most previous research, however, dealt only with on/off control for prosthetic arms 
depending on the results of EMG pattern discrimination [2], [3], [7], or controlled only a 
particular joint depending on the torque estimated from EMG signals [4], [5], [6], [8]. Multi-
joint control of prosthetic arms considering the variable viscoelasticity of flexors and 
extensors has not yet been realized. 
This chapter introduces a biomimetic control for an externally powered multi-joint 
prosthetic hand that considers the muscular contraction levels of flexors and extensors using 
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neural networks. The method can express the difference between internal and external 
forces arising from the flexors and extensors, and all joints can be controlled as intended by 
the amputee. A natural feeling of control similar to that of the human arm can also be 
expected, since the viscoelasticity of each joint is regulated using EMG signals. 
In this chapter, the biomimetic control for multi-joint motion is explained in Section 2. 
Section 3 describes the proposed impedance control system, and Sections 4 and 5 describe 
experiments conducted to assess the effectiveness of the method. Finally, Section 6 
concludes the chapter and discusses the research work in further detail. 

 
2. Biomimetic control of multi-joint motion 
 

2.1 Control strategy   
Various types of human motion are generally realized by multiple skeletal muscles related 
to each joint. Accordingly, multi-joint motion can be controlled if muscular contraction 
levels related to all joints can be estimated accurately from EMG signals. Even if only the 
human wrist joint is considered, however, there are at least three degrees of freedom and 
more than ten muscles involved with complex interrelations. Moreover, EMG signals 
measured on the skin surface contain only information on surface muscles in the human 
body, and such signals have non-linear and non-stationary characteristics. Estimation of all 
forces and torques caused by the muscles is therefore extremely difficult. 
To overcome these difficulties, this chapter introduces a new control method involving two 
steps: In the first, the operator's intended joint motion is estimated using surface EMG 
signals measured from the operator's skin, and the joints to be driven in the prosthetic hand 
are selected. In the second step, the muscular contraction levels are estimated, and the joints 
selected in the first step are controlled using the impedance control.  
Although many studies on discrimination of motion from EMG patterns [7], [10], [11] and 
impedance control of a single-joint prosthetic arm using EMG signals [6], [8], [9] have been 
reported so far, no previous method has realized multi-joint motion control based on EMG 
pattern discrimination and impedance control using internal and external forces arising 
from agonist and antagonist muscles. In this chapter, the method proposed by Tsuji et al. 
[17] is used for the first step.  

 
2.2 Single-joint model considering flexors and extensors 
Skilful motion of the human arm is realized by regulating its impedance properties, such as 
stiffness, viscosity and inertia [13]. A natural feeling of control similar to that of the human 
arm can be expected if prosthetic control is performed on the basis of impedance control 
with human-arm impedance properties.  
As shown in Fig. 1 (a), the characteristics of joint motion can be represented by the tension 
balance between flexors and extensors. Here, each muscle tension fi is modeled as 
 

iiiiiiiii xbxkff )()()(0   , (1) 
 

where i (0  i  1) is the muscular contraction level, )(0 iif   is the muscle tension under 
isometric contraction at a natural length, and xi, ki(i) and bi(i) are the displacement, 
muscular stiffness and muscular viscosity, respectively. The subscript i {f, e} indicates 
flexor or extensor.  

 

 
Fig. 1. Musculoskeletal model of human wrist joint 
 
Accordingly, the joint torques f and e generated by the flexor and extensor are also 
described as 
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where 0i (i), )( iiK   and )( iiB  are the joint torque at the natural muscle length, joint 
stiffness and joint viscosity, respectively, and  is the joint angle. Thus, the equation for 
wrist joint motion is represented as 
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where I, ),( efK   and ),( efB   represent the impedance parameters of the wrist joint 
such as the moment of inertia, joint stiffness and viscosity, and ),(0 ef   is the joint torque 
at the natural muscle length. In order to control the movement of the prosthetic hand based 
on (3), three problems must be solved: i) how to calculate muscle contraction levels f and e 
of the flexors and extensors during movement; ii) how to define the isometric joint torque 

),(0 ef  ; and iii) how to determine the impedance parameters of I, ),( efK   and 
),( efB  . 

In this study, EMG signals and a neural network were utilized for the first and second 
problems. For the third one, the impedance parameters of wrist joints in non-amputee 
subjects were measured experimentally.  

 
3. Biomimetic impedance control of a robotic hand 
 

Figure 2 shows the proposed biomimetic impedance control system for a robotic hand. This 
system consists of four parts: force extraction; determination of the driven joint (raw EMG 
pattern discrimination); impedance control; and a robotic hand. The details of each part are 
described in following subsections. 
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Fig. 2. Biomimetic control system for a robot hand 

 
3.1 Force extraction 
First, force information relating to the user was extracted from the EMG signals measured. 
The electrodes (NT-511G, NT-512G: Nihon Kohden Corp.) for EMG measurement were 
made of Ag/AgCl with a diameter of 0.012 m. The distance between the electrodes was set 
as 0.03 m. The measured EMG signals were amplified and filtered out with a low-pass filter 
(cut-off frequency: 100 Hz) in a multi-telemeter (Web5000: Nihon Kohden Corp.) and 
digitized using an A/D converter (sampling frequency: 200 Hz; quantization: 12 bits) after 
amplification (70 dB). The D channel EMG signals were denoted using Ed (n) (d = 1,2,...,D; n 
= 1,2,...,N), where N is the number of all data. 
The integral EMG (IEMG) )(n  were obtained by calculating the moving average within 
the teacher vector length T of the neural network after rectification of Ed (n): 
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where 
max
dEMG is the pre-measured IEMG of each channel under the maximum voluntary 

contraction (MVC). It should be noted that Ed (n t’) = 0 when n – t’  0. In this system, )(n  
is used for recognition of the beginning and end of motion (i.e., when )(n  is above the 
motion appearance threshold d , motion is judged to have occurred). 

The input vector  T21 )(,),(),()( txtxtxt dd x (t = 1,...,T) for the neural network is defined as 
the normalized  Ed (n) with )(n : 
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  . (6) 

This normalization enables motion estimation from the pattern of all channels and the 
amplitude of the raw EMG signals. 

 

Furthermore, to allow impedance control of a robotic hand, the following values computed 
after Ed (n) were rectified and filtered using a digital Butterworth filter (cut-off frequency: fc 
Hz): 
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where st

dE is the average of EMG signals Ed (n) in a relaxed state and max
kE is the pre-

measured E (n) of each motion under the maximum voluntary contraction (MVC). )(nk  
therefore describes the muscular contraction level for each motion ( 1)(0  nk ). 

 
3.2 Determination of the driven joint 
For the estimation of operator's intended motion, this subsection focuses on the pattern 
discrimination of the EMG signals using a probabilistic neural network (PNN). Since the 
PNN integrates statistical models into the neural network architecture as prior knowledge, 
outstanding performance has been reported [14]. For EMG pattern recognition using PNNs, 
the feature characteristics usually include: (1) amplitude, (2) frequency and (3) spatial 
information from multiple channels of EMG signals. However, significant temporal 
characteristics exist in the transient and non-stationary EMG signals, which cannot be 
considered by the traditional PNNs based on static stochastic models, and, in some cases, 
temporal characteristics could be only clues for reliable recognition. To overcome this 
problem, a Recurrent Log-Linearized Gaussian Mixture Network (R-LLGMN)[15] is utilized 
as the PNN for EMG pattern discrimination in the proposed system. 
Since this network is composed of a feedforward NN including a Gaussian mixture model 
and feedback connections from output to input, the filtering process and the pattern 
discrimination are unified together and realized in a single network. The R-LLGMN 
includes a hidden Markov Model (HMM) [16] in its structure and can regulate the weight 
coefficients based on the learning scheme of the back-propagation through time (BPTT) 
algorithm [17]. The R-LLGMN ensures the filtering process and the pattern discrimination 
to be achieved at the same time and can attain high discrimination ability. The network 
therefore can classify time series of raw EMG signals [17].  
The structure of R-LLGMN is shown in Fig. 2. This network is a five-layer recurrent NN 
with feedback connections between the 3rd layer and the 4th layer. First of all, the input 
vector   d

dd txtxtxt  T
21 )(,),(),()( x  is pre-processed with a non-linear computation and 

converted into the modified vector HX : 
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Fig. 3. Structure of the R-LLGMN 
 
The first layer consists of H units corresponding to the dimension of X (the dimension H is 
determined as H = 1 + d(d + 3)/2) and the identity function is used for activation of each 
unit. Each unit in the first layer is defined as 
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where C is the number of classes, Kc is the number of states, Mc,k is the number of the 
components of the Gaussian mixture distribution corresponding to the class c and the state k 
[18].  
The input into a unit },,{ kkc   in the third layer integrates the outputs of units },,,{ mkkc   

),...,1( ,kcMm   in the second layer. The output in the third layer is that input weighted by 
the previous output in the fourth layer. The input-output relationship of the unit in the third 
layer is defined as 
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where 0.1)0()4( ckO  for the initial state. 
The fourth layer receives the integrated outputs of units },,{ kkc   in the third layer. The 
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At last, a unit c in the fifth layer integrates the outputs of Kc units },{ kc ),...1( CKk   in the 
fourth layer. The relationship in the fifth layer is defined as 
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The output of the network )()5( tOc  corresponds to the a posteriori probability of the input 
vector )(tx  for the class c, while only the weight coefficients c

hmkkw ,,,  between the first layer 
and the second layer are adjusted by learning. 
The entropy of R-LLGMN’s output is calculated to prevent the risk of misdiscrimination. 
The entropy is defined as 
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If the entropy H(t) is less than the discrimination threshold Hd, the specific motion with the 
largest probability is determined according to the Bayes decision rule. If not, the 
determination is suspended. 
The details of the raw EMG pattern discrimination using the R-LLGMN are described in [17]. 
In the proposed system, the driven joint j is selected based on the output of the R-LLGMN. 
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At last, a unit c in the fifth layer integrates the outputs of Kc units },{ kc ),...1( CKk   in the 
fourth layer. The relationship in the fifth layer is defined as 
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The output of the network )()5( tOc  corresponds to the a posteriori probability of the input 
vector )(tx  for the class c, while only the weight coefficients c

hmkkw ,,,  between the first layer 
and the second layer are adjusted by learning. 
The entropy of R-LLGMN’s output is calculated to prevent the risk of misdiscrimination. 
The entropy is defined as 
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If the entropy H(t) is less than the discrimination threshold Hd, the specific motion with the 
largest probability is determined according to the Bayes decision rule. If not, the 
determination is suspended. 
The details of the raw EMG pattern discrimination using the R-LLGMN are described in [17]. 
In the proposed system, the driven joint j is selected based on the output of the R-LLGMN. 
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3.3 Impedance control 

 
Fig. 4. Impedance control system 
 
Human hand and wrist movement can be expressed based on a mechanical impedance 
model encompassing stiffness, viscosity and inertia [13]. The introduction of a human hand 
and wrist impedance model to control a robotic hand will make it possible to realize a 
natural feeling of control similar to that of human movement. This subsection explains a 
method to control a robot hand based on the mechanical impedance of the human hand’s 
wrist movements. 
First, the equation of motion around the manipulator’s joint j is defined as 
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where Ij, Bj (j) and Kj (j) are the moment inertia, joint viscosity and stiffness, respectively. 
Here, it is assumed that the joint torques caused by muscular contraction of the flexors and 
extensors have almost the same properties, and the muscular contraction level of each joint 
is expressed as , ,j j f j e    . j and o
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position, and j and ex
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where j is the joint driven during motion k, and max

k  describes the maximum torque 
measured from the subject for each motion k in advance. It should be noted that the torque 
is assumed to remain the same (i.e., )1()(  nn jj  ) when the discrimination results are 
suspended.  
Using the above equations, the desired joint angles can be calculated numerically using 
dynamic equation (20) considering changes in the EMG signals. Figure 4 shows the 
impedance control system used in this study. Here, Kp, Ki and Kv are the gain parameters for 
PID control. This method can be expected to provide a natural feeling of control similar to 
that of the original limb if the impedance parameters are set as values similar to those of the 
human arm. The hand can also react to external forces using a force sensor. 
 

 

3.4 Robotic hand [12] 
 

 
Fig. 5. Robotic hand 
 
A photograph of the robotic hand utilized in this study is shown in Fig. 5 [12]. It is almost 
the same size as an adult hand, and weighs about 1.0 [kg]. The hand has three degrees of 
freedom (supination/pronation, radial flexion/ulnar flexion, grasp/open), and each joint is 
driven by an ultrasonic motor (Sinsei Corp.) [7]. An encoder or potentiometer is installed as 
an angular sensor for each joint as shown in Fig. 5. The unit can be attached to the 
amputation site and used as a prosthetic hand. 

 
4. Determination of human wrist impedance parameters 
 

Impedance control is an effective technique for achieving natural feeling similar to that of a 
human hand in prosthetic control. However, it is difficult to set the relevant parameters 
appropriately. Measurement experiments to ascertain human wrist joint impedance 
characteristics were therefore carried out. 

 
4.1 Measurement of human wrist joint impedance   
This section outlines Tsuji’s method [13] for measurement of human wrist joint impedance. 
In a case where the subject performs single-joint motion of the wrist on a 2D plane, the 
dynamic properties of the hand can be approximated using a mechanical impedance model 
on a 2D plane as follows: 
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where  (t) is the joint angle,   (t) is the joint torque, and Ih, Bh and Kh are the moment of 
inertia, joint viscosity and stiffness, respectively.  
In order to estimate the relevant parameters, the hand of the subject is displaced from 
equilibrium by means of a small short-duration disturbance (Fig. 6). A small disturbance is 
necessary to enable the assumption of an approximate constancy for Ih, Bh and Kh, which are 
known to depend on posture in smooth conditions. Here, at the onset time t0 of the 
disturbance, we have 

)()()()( 0000 ttKtBtI hhh    . (24) 

 
The dynamic hand properties at given time t are established by Eqs. (23) and (24): 
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Fig. 6. Impedance model of the wrist joint 
 

 
Fig. 7. Experimental apparatus 

 
)()()()( tdtdKtdBtdI hhh    , (25) 

 
where )()()( 0tttd   and )()()( 0tttd   . The parameters Ih, Bh and Kh of the subject 
can be estimated using the least square method from n equations for each sample (t = t1,...,tn). 
Figure 7 shows the experimental apparatus for measurement of impedance parameters, 
which uses a linear motor table (Nippon Thompson Co., Ltd.) with one degree of freedom 
adopting a magnetic drive to forcibly displace the subject’s hand. In the experiments, the 
right hand of the subject sitting in front of the table was fixed to a handle through a cast 
made of glass fiber. In addition, the subject’s forearm was fixed to an arm-supporting stand 
by the cuff. The surface EMG was then measured from the agonist and antagonist muscles 
of the wrist joint in the subject’s forearm in order to clarify the activity of the muscles 
around the joint. A display for online monitoring of the muscle contraction level was set in 
front of the subject. The task for the subjects involved isometric flexion and extension 
movement of the wrist joint. During the experiments, the subjects could regulate the muscle 
contraction level as instructed by the experimenter since the contraction levels of each 

 

 

muscle were monitored by the display. The force generated by the subject was measured 
using a six-axis force sensor (BL Autotec Co. Ltd; resolution ability: force x-and y-axes: 0.05 
N; z-axis: 0.15 N) attached to the handle of the table. The output from the encoder and force 
sensor were sampled at 2 kHz. 
From the slight hand displacement in the x axial direction x(t) and the hand’s resultant force 
along the x axis Fx(t), we obtain the joint angle displacement (t) and joint torque (t) using 
the following equations: 
  

),()(
,/)(sin)( 1
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
  

(26) 
 

(27) 
 
where l is the distance from the handle to the center of the wrist joint (see Fig. 6). 
 

 
Fig. 8. A typical example of measured results for human wrist while maintaining posture 

 
4.2 Results 
Four healthy male subjects participated in the experiments. Figure 8 shows an example of 
the measurement results for wrist joint displacement in the extension direction. The figure 
shows the joint angle )(td , velocity )(td , acceleration )(td , wrist joint torque )(td  and 
the EMG signals of the flexor carpi radialis (FCR) and extensor carpi ulnaris (ECU). From 
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the figure, it can be seen that the measured torque (shown by the solid line) corresponds 
with the estimated torque (the dotted line) using the measured )(td , )(td  and )(td  and 
the impedance parameters Ih, Bh and Kh computed from them. The results indicate that an 
impedance model based on Eqs. (23), (24) and (25) can express the human wrist joint’s 
characteristics. 
Examples of the relationships between the muscular contraction levels and estimated 
parameters Ih, Bh and Kh are shown in Fig. 9. In this figure,  (0      1) indicates the 
muscular contraction levels estimated from the EMG signals, and the plotted data show the 
measured values. From the figure, moment inertia Ih is maintained at a constant value, and 
viscosity Bh and stiffness Kh change according to the level of muscle contraction. In 
particular, Bh and Kh increase as muscle contraction levels become high. This study therefore 
approximated the relationships between muscular contraction levels and the impedance 
properties of stiffness and viscosity around the wrist joint as follows: 
 

 
Fig. 9. Estimated impedance parameters of human wrist joint 
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where )(ˆ hB and )(ˆ hK are the estimated values of viscosity and stiffness around the wrist 
joint, ki and bi (i = 1, 2, 3) are constants, and k3 and b3 correspond to the level of viscoelasticity 
seen when the arm is in a relaxed state. The solid line in Fig. 9 shows the impedances 
estimated by Eqs. (28) and (29) using the least square method from the values obtained. 
From the figure, it is seen that the tendency of each parameter can be expressed using Eqs. 
(28) and (29). 

 
 
 
 
 

 

5. Robotic hand control experiments 
 

5.1 Experimental conditions 
In the experiments, the cut-off frequency fc and sampling frequency fs were set as 3.0 Hz and 
1,000 Hz, respectively. Based on the above-mentioned experiments, the impedance 
parameters for controlling the robotic hand were set as follows: 
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where j = 1, 2, 3 is the joint number, and each parameter in Eqs. (30), (31) and (32) is shown 
in Table 1. Four healthy male subjects participated in the experiments. It should be noted 
that the impedance parameters estimated from the human impedance characteristics 
measured were for the wrist joint only (i.e., flexion and extension), and the parameters of 
other joints were defined by trial and error based on the wrist joint characteristics. 
 

 
Table 1. Impedance parameters used in the experiments 
 

 
Fig. 10. Estimation of the joint angle from EMG signals based on biomimetic impedance 
model 

 
5.2 Biomimetic impedance control   
Here, in order to examine the validity of the impedance parameters, the motion of the 
subject's wrist joint and that of the manipulator were compared.  
The subject executed wrist flexion and extension, and the wrist joint angle and EMG signals 
were measured as shown in Fig. 9. The muscle contraction level j was calculated from the 
EMG signals using the proposed method, and the desired joint angle *

j  (see Fig. 10) was 
calculated according to the muscle contraction level and the motion equation for the wrist 
joint with variable viscoelasticity (Eqs. (20), (21), and (22)).  
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where j = 1, 2, 3 is the joint number, and each parameter in Eqs. (30), (31) and (32) is shown 
in Table 1. Four healthy male subjects participated in the experiments. It should be noted 
that the impedance parameters estimated from the human impedance characteristics 
measured were for the wrist joint only (i.e., flexion and extension), and the parameters of 
other joints were defined by trial and error based on the wrist joint characteristics. 
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Fig. 11. Comparison between the estimated and measured angles of the wrist joint 
 
In the experiment, four electrodes (L = 4: 1 ch. flexor carpi radialis, FCR; 2 ch. flexor carpi 
ulnaris, FCU; 3 ch. extensor carpi radialis, ECR; and 4 ch. brachioradialis, BR) were used, 
two motions (k = 2; flexion and extension) were discriminated using the neural network, and 
the motion appearance threshold was set as Ed = 0.17. 
Figure 11 shows an example of the experimental results. The wrist joint angle of the 
manipulator almost corresponds with that of the subject. Moreover, the maintenance of 
posture under conditions of muscle co-contraction was realized. It can be seen that the joint 
angles of the prosthetic hand can be controlled using EMG signals. 

 

 
Fig. 12. Changes of joint angles of the finger part corresponding to external torque 
 

 

 
Fig. 13. An example of experimental control results (healthy subject) 
 
To verify the response characteristics of the robotic hand for external torque, its movement was 
investigated by a human pressing the distal parts of its finger (attached to a pressure sensor) 
during in a relaxed state (j = 0). The experimental results are shown in Fig. 12, in which the solid 
line shows the desired joint angle *

3  computed based on the impedance model, and the dotted 
line shows the joint angle 3  obtained (see Fig. 4). From the figure, it can be observed that the 
joint angle of the robotic hand changes according to the external force applied, but a time delay 
between the measured and estimated values is seen. This was mainly caused by the control gains 
of the PID controller being set low (Kp = 0.16, Ki = 0.001 and Kv = 0.006) because the robotic hand, 
which is operated with ultrasonic motors, cannot provide smooth control with large gains. 

 
5.3 Robotic hand control 
Control experiments of the robotic hand based on EMG signals were carried out to verify the 
proposed method using the estimated muscular contraction levels. The experimental conditions 
were almost the same as those of the previous experiments. Six electrodes (L = 6: 1 ch. flexor carpi 
radialis; 2 ch. triceps brachii; 3 ch. extensor carpi radialis; 4 ch. biceps brachii; 5 ch. 
brachioradialis; and 6 ch. flexor carpi ulnaris) were attached to the forearm of a healthy subject 
(male, 25 years old), and EMG signals were measured. Figure 13 shows an example of the 
experimental results, including EMG signals from the six channels, entropy, discrimination 
results, estimated torque and joint angle; the shaded areas indicate periods with no motion. From 
the figure, it can be seen that the measured EMG signals can be classified accurately using the 
proposed method, and that the joint angles of the robotic hand can be controlled using these 
EMG signals.  
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Fig. 12. Changes of joint angles of the finger part corresponding to external torque 
 

 

 
Fig. 13. An example of experimental control results (healthy subject) 
 
To verify the response characteristics of the robotic hand for external torque, its movement was 
investigated by a human pressing the distal parts of its finger (attached to a pressure sensor) 
during in a relaxed state (j = 0). The experimental results are shown in Fig. 12, in which the solid 
line shows the desired joint angle *

3  computed based on the impedance model, and the dotted 
line shows the joint angle 3  obtained (see Fig. 4). From the figure, it can be observed that the 
joint angle of the robotic hand changes according to the external force applied, but a time delay 
between the measured and estimated values is seen. This was mainly caused by the control gains 
of the PID controller being set low (Kp = 0.16, Ki = 0.001 and Kv = 0.006) because the robotic hand, 
which is operated with ultrasonic motors, cannot provide smooth control with large gains. 

 
5.3 Robotic hand control 
Control experiments of the robotic hand based on EMG signals were carried out to verify the 
proposed method using the estimated muscular contraction levels. The experimental conditions 
were almost the same as those of the previous experiments. Six electrodes (L = 6: 1 ch. flexor carpi 
radialis; 2 ch. triceps brachii; 3 ch. extensor carpi radialis; 4 ch. biceps brachii; 5 ch. 
brachioradialis; and 6 ch. flexor carpi ulnaris) were attached to the forearm of a healthy subject 
(male, 25 years old), and EMG signals were measured. Figure 13 shows an example of the 
experimental results, including EMG signals from the six channels, entropy, discrimination 
results, estimated torque and joint angle; the shaded areas indicate periods with no motion. From 
the figure, it can be seen that the measured EMG signals can be classified accurately using the 
proposed method, and that the joint angles of the robotic hand can be controlled using these 
EMG signals.  
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Fig. 14. Changes in the joint angles of the finger part in response to external torque 
 
To confirm the suitability of the proposed method for people with physical disabilities, the 
EMG signals of an amputee subject (male, 44 years old) were measured and used to control 
the robotic hand for verification experiments. The subject’s forearm was amputated at the 
age of 41. In this experiment, the R-LLGMN parameters were set as follows: the number of 
classes was K = 6; the number of states for each class was K1,...,K6 = 1; the number of 
components was M1,1,...,M6,1 = 1; the teacher vector length was T = 20 (about 100 ms), and 
eight data sets were used for learning. Figure 14 shows the experimental results, including 
photographs of the robotic hand during control, raw EMG signals, integrated EMG (IEMG), 
entropy and discrimination results, respectively. The shaded area shows periods when no 
motion was judged from the IEMG. From the figure, it can be seen that the subject could 
control the robotic hand smoothly using EMG patterns, and the discrimination rate in this 
operation was 95.5%. The results lead us to conclude that the proposed method can be used 
for robotic hand control based on human impedance characteristics. 

 
5. Conclusion 
 

This chapter explained a biomimetic impedance control method based on raw EMG 
classification for the development of a multi-joint robotic control system. In the experiments 
performed, a natural feeling of prosthetic control similar to that of the human hand was 
realized using the neural network and the biomimetic impedance control.  
In the future, the authors plan to improve accuracy of estimation for the cooperation ratio of 
multiple muscles and construct a system that allows a more natural feeling of control. 
Publications concerning this chapter are listed in the bibliography [17], [19]. 
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