
  

Abstract— This paper presents the application 
of a Support Vector Machine (SVM) in humanoid 
robotics. Two different examples were considered: 
the adaptation of the recorded human motion (to 
make it suitable for emulation by humanoid robot), 
and the generation of robot’s arm motion in a 
reaching task. In the first case, the motion of a 
human subject (under disturbance) was recorded 
with the aim to apply it to a humanoid robot sub-
jected to the same disturbance. In view of the fact 
that the parameters of the human subject and ro-
bot differ among themselves, the recorded move-
ment had to be adapted to the robot. The basic 
requirement imposed on the approximated motion 
is the preservation of dynamic balance, where the 
position of the Zero Moment Point has to be con-
stantly within the support area. This was the basic 
criterion for the approximation of the evaluation. 
The other task illustrating the application of SVM 
was to train the system for generating the arm's 
motion when the robot is to reach an object. It was 
shown that the SVM can be very effectively trained 
and used for online generation of driving torques 
of arm joints, based on the visual feedback about 
the position of the object to be reached. 
 

Index Terms— dynamic balance, humanoid ro-
bot, motion approximation, reaching task, SVM 
regression  

1. INTRODUCTION 
ERFORMANCES of humanoid robots are 
always compared with those of humans. This 
is particularly true for motion evaluation. One 

of the approaches (appropriate for complex 
movements) is to use the movements recorded 
for humans and apply them to robots. However, 
to achieve the same effect, the recorded 
movements have to be adapted, as the robot's 
parameters differ from those of the human 
subject.    

This paper presents the use of Support Vector 
Machine (SVM) in two different tasks. A first one 
is the prevention of overturn (preservation of dy-
namic balance) in case of a large disturbance. 
Such action involves human's entire body and 
motion of all joints is synchronized so to keep the 
Zero Moment point (ZMP) within a very narrow 
support area. To apply it to humanoid, the re-
corded motion has to be adapted (adjusted to 
"humanoid's body"), to ensure preservation of 
dynamic balance1

 
1 A necessary and sufficient condition for the dynamic 

equilibrium of locomotion system is that the ground reaction 
force is acting within the support surface area. Hereby, at that 
point the conditions 

.  

0XM = , 0YM =  hold. This point is 
termed the Zero Moment Point. 

The second task is the realization of reaching. 
Reaching movement has to be done online, with-
out hesitation and with high motion efficiency 
(movement should be fast, with a significant 
slowdown when approaching the object). In other 
words, despite of the fact that the information 
about what has to be reached and where the ob-
ject is 'forwarded' to the control system suddenly 
(when the visual system has located the object) 
the movement has to be realized effectively and 
without hesitation, starting from the instantaneous 
position of the arm. We present the use of the 
SVM for the case the humanoid has to be 
'trained' how to reach the object efficiently, start-
ing from different positions within the arm's 
working space. 

2. SVM REGRESSION 
There are a number of algorithms for estab-

lishing the unknown interdependence between 
the input and output data. To determine an un-
known interdependence, it is necessary to mini-
mize some of the error functions. The majority of 
the algorithms minimize the empirical error: 
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where l  is the number of data serving as the ba-
sis for the approximation; iy  is the desired, while  

( )af ix  is the approximated value at the output; L 
is the cost function, which may be linear, quad-
ratic, or some other norm. Vapnik [1] has intro-
duced a general type of the error function: 
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called the error function with the ε-zone of insen-
sitivity. In (2), the error is equal zero if the differ-
ence between the approximate and the given 
value is smaller than ε. It should be noticed that 
the error function with the ε-insensitivity zone de-
fines an ε-tube around the output data. 

With the function approximation algorithms that 
minimize only the empirical error, the problem of 
generalization arises. The problem appears when 
the training set is small compared to the number 
of different data that can appear at the input. 
Structural Risk Minimization (SRM) is a new 
technique of the statistical learning theory, which 
we will illustrate on the example of the linear 
approximation function: 

( )x w x bT
af = +                                               (3) 

Apart from minimizing the empirical errors, the 
SRM also minimizes the generalization errors (by 
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minimizing elements of the weight matrix w). 
Hence, it follows that the structural error will be 
minimized by minimizing the function of the form: 
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In (4), the error function with the ε-insensitivity 
zone is used as an L norm. The parameter C is 
the penalty parameter which determines the ex-
tent to which the empirical error is penalized rela-
tively to the penalization of the large values in the 
weighting matrix. 

The SVM represents the implementation of the 
minimization of the structural error. The linear 
SVM regression (minimization of (4)) determines 
the elements of the weight w and bias b matrices. 
Since the linear relation between the input and 
output in real problems rarely exists, it is more 
often necessary to determine a nonlinear ap-
proximation function. Since the SVM easily solves 
the linear regression, the nonlinear tasks are then 
mapped to a space of higher dimensionality, in 
which the task becomes linear. The technique by 
which this is achieved is the kernel trick [2], which 
assumes the choice of the kernel function Φ  that 
maps the input vector nR∈x  to the vector 

fR∈z , where the vector z  belongs to a higher-
dimensional space compared to the space to 
which belongs the vector x . Hence ( )= Φz x , 

where Φ  represents the mapping n fR R→ . The 
kernel function Φ  is chosen in advance and it 
remains constant for the problem that is currently 
solved. It should be pointed out once more that 
the aim of introducing such mapping is to obtain a 
problem in the higher-dimensionality space, which 
can then be solved by linear regression2

Φ
. The 

most frequently used kernel functions  are 
polynomials, Radial Basis Functions (RBF), sig-
moid functions, etc. 

3. ADJUSTMENT OF THE MOTION RECORDED 
FROM HUMAN FOR A HUMANOID 

The primary task of any humanoid robot is to 
maintain dynamic balance [3]. Disturbances are 
always present. Compensation of small distur-
bances can be done by conventional techniques 
[4], but in case of larger disturbances (e.g. stum-
bling upon an obstacle, shoving aside, etc.), 
maintaining of dynamic balance becomes more 
complicated. Compensatory actions in humans 
mostly represent a coordinated, vigorous, and 
synchronized movement [4, 5]. After a vigorous 
motion aimed at preserving the dynamic balance, 
a human uses slow movement to restore the 
state from which he/she continues to perform the 
motion disrupted by the disturbance. In order for 
such motion to be performed by a humanoid ro-
bot (there exist differences in kinematic and dy-
namic parameters between human subject and 
 

2 Solution to the hypersurface ( )Tf b= Φ +w x , which is 

linear in the space fR , leads to a nonlinear hypersurface in 
the starting space nR , to which belongs the input vector x . 

humanoid robot) it has to be appropriately modi-
fied in such a way that the effects remain intact 
(the dynamic balance maintenance).   

The location of the Zero Moment Point (ZMP) 
[6, 7] will be used as an indicator of the quality of 
maintenance of robot's dynamic balance. Besides 
maintaining the dynamic balance, the recorded 
data must also be modified so as to emulate the 
form of human motion for the same type of dis-
turbance, and thus produce the same effect.  

3.1 Data recording 
In cooperation with the researches of the 

Holodeck Gait Laboratory, which is part of the 
Laboratory for Computer Science and Artificial 
intelligence at MIT (Massachusetts Institute of 
Technology), the data were recorded using the 
VICON 512 system which operates at 120 fps. 
For recording, 33 markers were employed, whose 
location was recorded with ~1 mm accuracy. 
Three adults participated in the experiment. Each 
person was asked to stand on his/her left foot 
while leaning against an obstacle with the left 
shoulder. The leaning force was measured and 
once it reached the limit of 20N the obstacle was 
abruptly removed, while the movement made in 
attempt to prevent the fall was recorded. The 20N 
limit was chosen so that the projection of person’s 
center of gravity falls outside of support surface. 
In this case, in order to maintain dynamic bal-
ance, each subject had to perform an energetic 
movement which brings the projection of the 
center of gravity back under the foot while the 
ZMP constantly remains within the support sur-
face.  

During every movement, force plate (Advanced 
Mechanical Technology Inc., Watertown, MA) 
was used to measure and record the location of 
ground reaction force, which in this case coin-
cided with ZMP. The accuracy of the ZMP loca-
tion measurement was approximately 2 mm. 
Each subject repeated the movement 10 times, 
so that a total of 30 movements were recorded 
[5]. In this paper, only the data of one recorded 
movement were used and processed.  

3.2 Model of a humanoid robot 
Kinematic structure of the model of a humanoid 

robot used in this experiment consists of four ki-
nematic chains as shown in Fig. 1. The first ki-
nematic chain represents the legs, the second 
forms the body and the right arm, the third repre-
sents left arm, while the fourth kinematic chain 
represents the neck and head. The joints with 
multiple DoFs (Degrees of Freedom) were mod-
eled as a set of virtual links (links with zero mass 
and negligible length) connected by 1-DoF joints. 
For instance, the hip joint, which is a spherical 
joint with 3 DoFs, was modeled as a set of three 
1-DoF joints whose axes of rotation are mutually 
orthogonal [8].  

3.3 Motion approximation  
The recorded motion and the measured ZMP 

location are shown in Fig. 2, where marker loca-19



  

tions are represented by small circles. It should 
be noted that the figure depicts a visualization of 
the recorded movement and illustrates the meas-
ured location of ZMP. It is obvious that the man 
very skillfully maintains the ZMP within the sup-
port surface.  

If the recorded movement is applied on a hu-
manoid robot, the ZMP location will significantly 
deviate compared with that of human subject 
movement, and the movement has to be adapted 
to suit the humanoid mechanism's parameters. 
Thus, the values of internal coordinate to be ap-
plied to humanoid should be approximated by 
smooth functions in such a way to preserve 
movement character while maintaining system’s 
dynamic balance

Two methods were used for the adaptation of 

the recorded motion (i.e. its approximation): the 
cubic spline approximation and SVM regression. 
The approximation was performed without taking 
into account the ZMP location (it was calculated 
just as a consequence of the motion).  Fig. 3 
shows stick diagram of humanoid robot motion 
obtained by cubic spline approximation with a 
smoothing parameter of 0.9 and corresponding  
ZMP trajectory. High smoothing parameter indi-
cates the approximation which is very close to the 
recorded movement. 

. This demands the values of 
velocities and accelerations in joints to be modi-
fied, because they have a direct impact on ZMP 
location [6, 7].  

The motion approximation by SVM regression 
is illustrated in the following examples. Gaussian 
function of normal distribution was adopted for 
the kernel function. The simulation was 
performed for eight different cases, varying the 
values of ε-insensitivity zones and penalty 
parameter. Table 1 systematizes the results so 
that each combination of ε-insensitivity zone and 
penalty coefficient is paired with maximum 
deviation in the ZMP trajectory and maximum 
deviation of approximated values of internal 
coordinates from the recorded ones. It should be 
noted that the form of movement depends 
strongly on the value of ε-insensitivity zone. For 
higher values of ε, the movement loses its form, 
which was a basic reason for adopting just two 
values of ε-insensitivity zone: 0 and 0.01. It is 
obvious from the table that the increase of penalty 
coefficient lowers the maximum deviations of 
internal co-ordinates, but increases the ZMP 
deviations. Obviously, a trade-off must be 
established between SVM training parameters, 
i.e. between the deviations of ZMP and internal 
coordinates. This is illustrated in Figs. 4 and 5. 

Let us first compare the cases shown in Fig. 4 
and Fig. 5. In both cases the ε-insensitivity zone 
was 0.01. In the example shown in Fig. 4 the 
penalty coefficient was 1000, while in Fig. 5 it was 
10, which reveals its influence on the ZMP 
trajectory.  

The following illustrates how the increase of ε-
insensitivity zone impacts the motion approxima-
tion. The case illustrated in Fig. 6 was additionally 
simulated. The approximation was also per-
formed by SVM regression. The value of ε-insen-
sitivity zone was 0.1, while the penalty coefficient 
was 10, just as in Fig. 5. A comparison of the 
cases shown in Figs. 5 and 6 reveals the loss of

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
Fig.1 Mechanical structure of the model of a 
humanoid robot with 62 DOFs 

  
Fig. 2 Stick diagram and marker locations on a human (left); ZMP locations obtained by measurement (right); 
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Fig. 3 Stick diagram and locations of the markers on a human (left); ZMP locations (right); the data were 
approximated by cubic splines with a smoothing parameter of 0.9 
 

   
Fig. 4 Stick diagram and marker locations on a human (left); ZMP location (right); the data were approximated by 
SVM regression (ε-insensitivity zone equals 0.01, penalty coefficient is 1000) 

   
Fig. 5 Stick diagram and marker locations on a human (left); ZMP location (right); the data were approximated by 
SVM regression (ε-insensitivity zone equals 0.01, penalty coefficient is 10)  

 
Fig. 6 Stick diagram and marker locations on a human (left); ZMP location (right); the data were approximated by 
SVM regression (ε-insensitivity zone equals 0.1, penalty coefficient is 10)  
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TABLE 4.1 INFLUENCE OF Ε –INSENSITIVITY ZONE AND PENALTY COEFFICIENT ON DEVIATION OF INTERNAL COORDINATES AND ZMP 
No. ε–insensi-

tivity zone 
Penalty 

coefficient 
Maximum deviation of inter-

nal coordinates [rad] 
max minZMP ZMP− [m] 

1 0.01 1 0.3175 0.0838 
2 0 1 0.3162 0.0843 
3 0.01 10 0.2934 0.1137 
4 0 10 0.2950 0.1156 
5 0.01 100 0.2588 0.1336 
6 0 100 0.2609 0.1504 
7 0.01 1000 0.2390 0.2255 
8 0 1000 0.2425 0.2885 

 
the required form of movement. Consequently, 
the ZMP trajectory also completely changed as 
compared to the previous cases.  

Thus, the selection of ε-insensitivity zone re-
quires a careful consideration. A wider ε results in 
smoother motion approximations with lower ac-
celerations at the joints. However, ε must not be 
too large because the distortion of the desired 
form of movement can occur. 

4. REACHING TASK 
The second example is the reaching task. If we 

consider the way how the reaching task is real-
ized by humans we can notice several character-
istics [9, 10]. As first, the human's hand moves 
approximately linearly provided there are no ob-
stacles in the way. Also, in the beginning of the 
movement, the hand performs a sudden fast mo-
tion, to slow down significantly afterwards. How-
ever, the main difference in the realization of the 
reaching task between the robot and the human 
is in the dynamics of the motion, since the hu-
man's arm motion is very agile, whereas the ro-
bot's arm moves, as a rule, significantly slower. 

Since we also would like the robot's hand move 
fast in the beginning, when it is still far from the 
object, and slow down when it comes close to it, 
the robot's hand motion is modeled as a mass m 
connected to the target point by a spring and a 
damper (Fig. 7). 

If it is supposed that the position of the target 
point is fixed, the motion of the system can be de-

scribed by the following second-order differential 
equation:  

( )m K C= − − −dr r r r  .                                     (5) 
Now we will describe the procedure of the SVM 

training for the task of the robot's arm reaching 
the object. The robots' arm simulations were car-
ried out on the same humanoid robot model de-
scribed in section 3. Finally, the verification of the 
SVM control for the robot's arm (and 
consequently hand) motion is realized by 
assigning random points in the workspace to be 
reached by the robot's hand and comparing it with 
the system's motion shown in Fig. 7. 

The motion of a multibody system can be de-
scribed by the following differential equation: 

+ =0Hq hτ ,                                                     (6) 
where H is the inertia matrix of the system; h0 is 
the vector that includes the velocity and gravita-
tion effects; q  is the vector of generalized 
(internal) accelerations, and τ  is the vector of 
driving torques.  

Based on the relations of direct kinematics, it is 
possible to find the relationship between the ro-
bot's tip and internal coordinates: 

f( )=r q .                                                           (7) 
By differentiating equation (7) one obtains the 

relation between the generalized velocities of the 
robot's arm joints, as well as the relation between 
the generalized accelerations and linear accel-
eration of the robot's hand: 
=r Jq  ,                                                            (8) 
= +r Jq a  ,                                                        (9) 

where the matrix /= ∂ ∂J r q  represents the sys-
tem's Jacobian and the vector ( / )d dt=a J q  is the 
adjoint vector – column. The combination of 
equations (5)-(9) gives an expression that allows 
calculation of the corresponding driving torques at 
the joints: 

( ) ( )( )1m K C m−= − − + + +d 0τ H J r r Jq a h .        (10) 

Thus, it is important to point out that the driving 
torques can be calculated only if J is a square 
matrix (i.e. when the system has no redundancy), 
which is fulfilled in the case considered. However, 
if the system is redundant, the Jacobi matrix is 
not square, so the inverse matrix J-1 does not 
exist. Such case is not considered here, but it is 
necessary to remind that the addition of certain 

 
Fig. 7 Robot's hand having three DOFs 
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conditions can allow the determination of a 
pseudo-inverse Jacobian that could be used in 
(10).  

As is evident from (10), the driving torques τ  
depend on the generalized coordinates q , veloci-
ties q , and distance between the current and 
target positions, − dr r . If we want to change the 
movement duration (the rate of hand motion), it 
suffices to change only the coefficient C. Our aim 
is to use the presented model to form an appro-
priate training set. Hence, we will adopt the an-
gles q  and angular velocities q  at all arm joints, 
position vector of the hand from the target posi-
tion ( − dr r ), as well as the damping C as input, 
and the driving torques at the joints correspond-
ing to such motion as the output. The procedure 
of determining the input and output quantities is 
as follows:  

1. An arbitrary point in the robot's workspace is 
selected as the starting position of the ro-
bot's hand.  

2. For the selected point, the inverse kinemat-
ics problem is solved.  

3. An arbitrary point is then selected in the ro-
bot's workspace to serve as the desired (tar-
get) position. 

4. The damping coefficient is also arbitrarily se-
lected from the predefined range. 

5. The system's motion is simulated, and the 
driving torques in each iteration are calcu-
lated from (10).  

6. When the distance between the current and 
target positions is sufficiently small (the hand 
is close enough to allow grasping), the 
simulation is stopped and the steps 3-6 are  
repeated. The last state serves as the start-
ing one for the subsequent simulation. 

7. After generating a sufficient number of 
movements, the procedure is stopped.  

In this way, the hand's motion is simulated from 
the point at which the previous movement termi-
nated to the next (arbitrarily chosen) target point. 
For each time instant, the values of all input and 
output quantities are obtained. The input vector 
thus formed for the training set 
[ ( ) ]C−T T T T

dq q r r is of dimension 10, whereas 
the dimension of the output vector τ  is 3. 

Let us remind that the inputs to the SVM train-
ing set are the generalized coordinates q , veloci-
ties q , the remaining distance to the target posi-
tion − dr r , and the damping coefficient C, by 
which the hand motion velocity is indirectly as-
signed, whereas the outputs are the joint driving 
torques τ . The hand's target position in the work-
space is randomly assigned under the constraint 
that the x-coordinate of the given position is posi-
tive. In this way, the boundary of the workspace is 
determined by the hemisphere of a radius of 0.8 
m.  

In order to obtain an SVM with good 
generalization properties it is necessary to pre-

pare a sufficiently dense training set, i.e. to gen-
erate a sufficient number of target positions. If the 
number of assigned target positions is small, the 
training set is sparse and the underfitting arises. 
On the other hand, if the number of assigned 
points is too large, it can yield overfitting, that is a 
bad generalization. For example, in this paper the 
overall number of target positions is ~1300, and 
the overall number of obtained input and output 
data pairs is ~770.000. The sampling period is 
2.5 ms, which means that the hand's departure 
from the current position to the newly assigned 
position needs in average 592 iterations, i.e. 1.4 
s. The value of the damping coefficient C is ran-
domly chosen in the span from 200 to 400 Ns/m. 
All these data were obtained experimentally.  

Of the possible 770.000 data, 2500 were ran-
domly selected to train the SVM. It is evident from 
(10) that the relationship between the input and 
output quantities is nonlinear. Hence it is neces-
sary to solve the nonlinear SVM regression using 
the kernel trick. The kernel function selected in 
this work is an RBF function, while the L norm for 
the empirical error is a function with the ε-insensi-
tivity zone, where 15 10−ε = . 

After completing the SVM training, the testing 
was performed by simulating the robot's arm mo-
tion. Fig. 8 shows the stick diagram of an upright 
humanoid robot whose task is to reach the target 
point by its right hand, the current and target posi-
tions being selected arbitrarily. To validate the 
control of the robot's hand motion using the 
trained SVM model it was necessary to assign the 
unseen input data. The simulation was carried out 
in the following way.  

In the beginning, the starting position of the ro-
bot's hand is assigned in the world coordinate 
frame. Based on the relations of the inverse 
kinematics, the values of generalized coordinates 
q corresponding to this position were calculated. 
Since we assumed that the hand (and arm) 
moves from the rest, the values of generalized 
velocities in the beginning of the simulation are 0. 
Then, the target position in the workspace is

       

    
    

Cu   r   rent    robot's    
hand pos   ition        

Target robot's 
hand position     

    

 
Fig 8 Stick diagram of the humanoid robot model 
and illustration of the assignment of the hand's 
target position 
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selected in a random way, as well as the damping 
coefficient C, which remains constant during the 
realization of one movement. 

Based on these data, using the trained SVM, 
three driving torques at the hand joints were 
determined and then applied in the simulation of 
the motion. The action of the joint driving torques 
causes the hand motion and changes the values 
of the generalized coordinates, generalized ve-
locities, as well as the distance to the target posi-
tion. In each sampling period, using the informa-
tion about the reached (the new current position 
of the hand) position, as well as the remaining 
distance to the target, the trained SVM deter-
mines new driving torques to be applied at the 
joints, to produce a further hand movement. The 
process is repeated until the hand reaches a dis-
tance of <2 cm from the target position. The hand 
then stops, assuming that the target has been 
reached, a new target point is randomly selected, 
and the process is continued. 

Fig. 9 shows four different simulated move-
ments that differ in respect of the damping coeffi-
cient, as well as in respect of the starting and tar-
get positions of the hand. It is evident that in all 
four cases the hand's trajectory almost coincides 
with the linear path, and that there are no over-
shoots on the way to the target position.  

Now we shall analyze in detail the cases pre-
sented in Fig. 9. In the case 1, the distance be-
tween the hand's starting and target positions 
was − dr r =0.198 m, and the damping coefficient 
was 231 Ns/m. The time needed for the hand to 
reach the position at a 2-cm distance from the 
target position was 0.555 s, and the average 
speed during this movement was 0.3568 m/s. In 
the case 2  where the distance − dr r = 0.7518 m 
and the damping coefficient was 282 Ns/m, the 
hand reached the target position in 1.3125 s, 
which means that the average speed of its motion 
was 0.5728 m/s. The average speed in the case 
2 was higher since the path the hand had to  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
traverse was by almost four times longer than in 
the case 1, so the hand had more time to accel-
erate.  

The effect of the damping coefficient C on the 
velocity of hand motion is better seen from a 
comparison of the cases in which the distances 
− dr r  were approximately the same. Because of 

that we will consider the cases 3 and 4, shown in 
Fig. 9. The distances between the starting and 
target positions in the two cases were 0.3875 m 
and 0.3113 m, respectively, and the correspond-
ing damping coefficients were C=300 Ns/m and 
C=363 Ns/m. In case 3, the time needed for the 
hand to reach the distance of 2 cm was 0.72 s, 
and in the case 4 it was 1.0875 s, the average 
speeds being 0.5382 m/s and 0.2863 m/s re-
spectively. It is evident that although the path in 
the case 3 was longer by 7 cm, the average 
speed was significantly higher than in the case 4. 

We will now analyze the simulated movement 
which consists of successive reaching two target 
positions as shown in Fig. 10. In this example, the 
arm's hand in the first part of the movement is in 
the position 1, and the target position 2 is ran-
domly assigned. The damping coefficient during 
the hand's motion to the position 2 is also ran-
domly chosen, and it amounts to 250 Ns/m. 

When the hand's distance from the target point 
becomes smaller than 2 cm, the first part of the 
movement is terminated. Then, a new target posi-
tion 3 is randomly generated. In the course of the 
second part of motion, from the position of ending 
the previous movement, the hand moves towards 
the new target position 3. The damping coefficient 
during the second part of the movement was also 
randomly chosen to be 301 Ns/m.  

Fig. 10 shows the analysis of the motion along 
the straight lines between the positions 1 and 2 
and positions 2 and 3. It can be noticed that the 
hand's trajectory deviates from the expected 
straight-line path compared to the expected recti-
linear path between 1 and 2. In the second part of 

             
         case 1             case 2          case 3         case 4 

Fig. 9 Stick diagrams showing the hand's  and arm’s motion for the four different starting and target positions of the 
hand and for four different damping coefficients C. The distances between the starting and target positions and the 
corresponding damping coefficients are: a) - dr r =0.198 m, C=231 Ns/m (); b) - dr r =0.7518 m, C=282 Ns/m (case 
2); c) - dr r =0.3875 m, C=300 Ns/m (case 3): d) - dr r =0.3113 m, C=363 Ns/m (case 4). 
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the movement, the departure from the straight 

line almost does not exist. The deviation from the 
straight-line path may arise as a consequence of 
the fact that the generated training set consists of 
a finite number of starting and target positions 
while its region that is close to the set limits is not 
sufficiently dense. In that case, when the as-
signed target position is not sufficiently close to a 
position from the SVM training set, the predicted 
values of driving torques can not be sufficiently 
well approximated, causing thus deviations.  

However, it should be also noticed that the re-
quirement for an exact tracking of a rectilinear 
path is not strict, and that neither human in 
reaching an object can strictly follow a straight-
line path during the movement realization. It is 
much more important that in the human's per-
forming reaching task has no overshoots, which 
has been fulfilled in all the presented examples of 
the simulated motion of the robotic hand. 

5. CONCLUSION 
The work considers the application of SVM in 

humanoid robotics on two essentially different 
examples: modification of a complex compen-
sating movement recorded from a human to be 
applied to the humanoid robot and for generating 
arm movement to reach an object. The system's 
training to realize the reaching task (the online 
generation of the joint torques) from an arbitrary 
(instantaneous) position of the arm within the 
workspace was realized with the aid of SVM. It 
was demonstrated that the SVM is suitable for 
both applications.  
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Fig. 10 Stick diagram of the humanoid robot 
model and illustration of the assignment of the 
hand's target position 
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