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ABSTRACT

The biped robot consists of five links, namely the torso and
two links in each leg. Four rotating joints (two hips and two
knees) are used to connect these links together to make the
biped robot model resemble the human being model. The four
rotating joints are driven by independent servo motors via
control signals generated from designed control systems. The
biped walking is difficult to control because it is a nonlinear
system with various uncertainties. In this paper, the
application of Neurofuzzy control to a nonlinear five links
biped robotic model is studied and compared to designed PD
controllers which are applied to the given model. First of all,
the optimal parameters of four PD controllers are selected
using Particle Swarm Optimization (PSO) algorithm to drive
four servo motors of biped robot. Then, the parameters of four
fuzzy controllers are tuned using neural networks depend on
the input-output data which are collected from the designed
PD controllers. To make the designed Neurofuzzy controllers
more robust, the optimal inputs and outputs gains of the
designed controller are selected using PSO algorithm. The
proposed controllers are tested in different environments such
as: moving on rough terrain with random profile and climbing
the stairs. The results of numerical simulation clearly indicate
the robustness and effectiveness of the proposed controller to
drive the five links biped robot.
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1. INTRODUCTION

Robots have become more widely used in different
applications instead of human being such as: military
application, space application, medical application, dangerous
and harm sites and so on. The design of control system for
biped robot is big challenging subject because the high
nonlinearity and complexity of biped robot model. Biped
robot is on type of legged robots that attempt to imitate the
human motion. Many structures are used to model the legged
robots. The authors in [1] and [2] used the simplest model to
investigate some characteristics of human motion is the
inverted pendulum. To study more characteristics of human
locomotion and imitate the human walking, author in [3]
employed a three links biped robot model (torso and two
legs). To simulate the actual human walking, some authors are
used five links biped robot (one torso, two hips and two
knees) [4-9]. Other authors are used more than two legs to
imitate insect’s locomotaion [10,11]

It is difficult to design a control system for five links biped
robot due to it has high nonlinear behavior model. In recent
years, several controllers have been developed in attempts to
increase the stability of the biped robot when it moves on
rough terrain with random profile and climbs the stairs. Also,
some authors pay attention to design a complex control
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system to force the locomotion of the biped robot resembles
the locomotion of human being. Authors in [12] investigated
the application of robust control to a 5-link biped robotic
model through the sliding mode approach and compared the
responses of the proposed controller to pure computed torque
control. In [13], the authors improved approach to the
dynamic modeling of a 5-link biped system and developed a
sliding mode control algorithm for biped motion regulation
during double support phase. They assumed that the
boundaries of the system uncertainties are known. In [14], the
authors designed a robust control system based on sliding-
mode control (SMC) of 5-link biped robot using the wavelet
neural network (WNN), in order to improve the efficiency of
position tracking performance of biped locomotion. In this
control system, the WNN is utilized to estimate uncertain and
nonlinear system parameters, where the weights of WNN are
trained by adaptive laws that are induced from the Lyapunov
stability theorem. The authors applied sliding mode control
approach for both the single support phase and the double
support phase. Then, a new chattering elimination method
using fuzzy system proposed based on regulating major
controller parameters. In [8], the authors proposed a new
adaptive neural network integral sliding-mode controller using
a bat algorithm to control a five links biped robot. The
phenomenon of chattering occurs when there is a
discontinuity in feedback control. An adaptive neural network
is applied to estimate the unknown disturbances to the system.
Therefore, by using an adaptive neural network, the chattering
phenomena will be eliminated. The neural network integral
sliding-mode controller parameters are tuned using a bat
algorithm.

In last two decades, the intelligent control is becoming a more
popular tool in many engineering and science applications.

These control algorithms are also used for fuzzy logic, genetic
Artificial (ABC), Artificial Ant Colony (AAC), Neural
Networks (NN) and NeuroFuzzy System (NFS). All methods
of intelligent control have the following features: learning
ability, adaptability and robustness. Duo to those features,
some authors focused on designing an intelligent control for
biped robot system. In [16], the authors proposed a method
that minimizes the consumed energy by searching the optimal
locations of the mass centers of the biped robot's links using
Genetic Algorithm (GA). Authors in [18] evaluated new biped
model and then used a stable neural network controller to
control it. Plated pneumatic artificial muscle used as actuator
to drive the rotational joints rather than the servo motor. The
hierarchic neuro-fuzzy systems as a possible solution for
biped control is investigated [19]. A hierarchic controller for
biped is presented, it includes several sub-controllers and the
whole structure is generated using the adaptive Neuro-fuzzy
method. Basic principles and concepts of intelligent controls,
implemented in humanoid robotics as well as recent
algorithms being devised for advanced control of humanoid
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robots is summarized [20]. Also, this work presents a new
approach neuro-fuzzy system.

In this paper, a new approach is proposed to design a
neurofuzzy controller to oblige five links biped robot walking
resemble the human being walking for different environment
(such as moving on rough terrain with random profile and
climbing the stairs) and to increase the stability of the biped
robot. The designing of the proposed controller has three main
steps. In the first step, the optimal parameters of four PD
controllers are selected using Particle Swarm Optimization
(PSO) algorithm to drive four servo motors of biped robot.
While in the second step, depending on the input-output data
which are collected from the designed PD controllers, the
parameters of four fuzzy controllers are tuned using neural
networks. Finally, to make the designed Neurofuzzy
controllers more robust, the optimal inputs and outputs gains
of the designed controller are selected using PSO algorithm.
The proposed controllers are tested in different environments
such as: moving on rough terrain with random profile and
climbing the stairs. The results of numerical simulation
clearly indicate the robustness and effectiveness of the
proposed controller to drive the five links biped robot.

2. DYNAMIC MODEL OF FIVE LINKS
BIPED ROBOT

In this work, the studied biped robot consists of five links, one
link for torso and two links in each leg is shown in Figure 1.
These links are connected via four rotating joints (two hips
and two knees) which are driven by four independent servo
motors. The servo motors are excited via the generated control
signals which are came from the proposed controller. The
Lagrange dynamic equation to model and describing the
motion of biped robot is used [12]. The kinematic model of
biped robot can be written as:

J(0)6 +B(6,0)0+H(O) =T €))

where

© =[61 02 B3 64 Bs] is angle of i*" link with respect to the
vertical.

J(©) = [Ji;(®)] (i,j =1,..,5) is the inertia matrix;

B(6,0) = col[X}_y ;. (bij;(6)%)]
matrix;

is the centrifugal

H(0) = col[G;(0)] is the vector of gravity;

T=[T, T, T; T, Ts] is the vector of external torque
applied at the joints;

The parameters of J (@), B(6,0) and H(@) are given in
Appendix1 [12].
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Fig. 1 Biped Robot with 5 links

If U=[u; u, Us U4] is assumed as the vector of the
driving torques of the four joint of biped robot generated from
the servo motors, then the following equation can be written
as:

T =SU )

where § € R>** is transformation matrix which can be given
as:

1 0 0 o0
-1 1 0 0
S=(0 -1 1 0
0 0 1 1
0 0 0 -1

As shown in Figure 1, the relative angle deflections of the

corresponding joints (g =[qo q; 92 43 94] )isgiven
as:

qo = 061,41 =61 — 6, g, =06, — 63
qz =03+ 0, qs =04 — 05
Then the equation 1 can be written as:
J(@a + B(q,q)q + H(q) = SU 3)

where J(q) € R>*° is the inertia matrix with respect to q;
B(q, q) € R5*> is the centrifugal matrix with respect to q;
H(q) € R is the vector of gravity with respect to q;

Then, the dynamic equations for five links biped robot can be
defined as

q=—j""(@Bq9q—j " (QH(@ +j ' (q)SU €))
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3. PARTICLE SWARM
OPTIMIZATION (PSO) ALGORITHM

In last a few decades, the world becomes more and more
complex and competitive so the decision making must be
taken in an optimal way. The particle swarm optimization
algorithm is developed by scientists and engineers to find the
best solution for problems featuring nonlinearity and no
differentiability, multiple optima, and high dimensionality
within shorter calculation time its convergence is usually
faster than other optimization algorithms. Authors in [21]
introduced particle swarm optimization algorithm in 1995.
This algorithm is stochastic in nature like genetic algorithm.
On the other hands, the differences between this algorithm
and GA are that the PSO does not depend on the principle of
‘survival of the fittest’, is computationally less burdening
since its memory and processing speed requirements are low,
and does not use evolutionary operators such as crossover and
mutation [22,23].

Each particle in this algorithm is treated as a valueless particle
in g-dimensional search space, and keeps track of its
coordinates in the problem space associated with the best
solution (evaluating value) and this value is called pbest;. The
overall best value and its location obtained so far by any
particle in the group that was tracked by the global version of
the particle swarm optimizer gbest. The PSO concept consists
of changing the velocity of each particle toward its pbest, and
gbest locations at each time step. The modified velocity and
position of each particle can be calculated using the current
velocity and distance from pbest, to gbest as shown in the
following formulas [21]:

V(i +1) = wxv,,. (i) + ¢, *rand(n) * (pbest,,
—x5 (D)) + ¢ * rand(n) = (ghest,, — x;,(1) (5)
Xz ((+1) = 2, (D) + v, (0 + 1) (6)
where;
n is any number € [0,1];
z=12,...,Zandr =1,2,...,R;
Z is number of particles in a group;
R is number of members in a particle;
i is pointer of iterations;
v, (@) is velocity of particle z at iteration i;
w is inertia weight factor;

¢y, C, are acceleration constants (according to past experience
the addition of ¢; and c, equal to 4);

rand(n) is random function with respect to n;
x,,r(§) current position of particle z at iteration i.
The inertia weight w is selected according to equation below.

Wmax — Wmin .
w=————x%iter )
LteTmax

where iter, is the maximum number of iterations and iter is
the current number of iterations.

Suitable selection of W provides a balance between global
and local explorations, thus requiring less iteration on average
to find a sufficiently optimal solution.
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4. PARAMETERS TUNING OF PID
CONTROLLER USING PSO

ALGORITHM

The popularity of PID controller is due to the simplicity of
their control law, robustness in a wide range of operating
conditions and few tuning parameters are needed.
Furthermore, the PID controller is easier to implement and
understand than other traditional controllers for the majority
of industrial processes and the familiarity of operators and
designers with the PID algorithms Coban, R. and Ercin O.
(2012).

The PID controller involves three parameters K =
[k, ki kq], its performance completely depends on the
tuning of these parameters, and the task to tuning these
parameters properly for the PID controller is quite difficult.
So in spite of the popularity of PID controller but it is often
poorly tuned in practice. The robustness and optimization are
difficult to achieve with these types of controllers because
many industrial plants are often confronted with many
problems such as higher order plant, time delays and system
nonlinearity [24].

Many efforts have been made to overcome this problem,
where different techniques have been introduced to determine
the best parameters of PID controller, such as Ziegler-Nichols
method, Cohen-Coon method and so on [25].

On the other hand, this algorithm also have disadvantages or
drawbacks, where the Cohen-Coon method is used only
forfirst order models including large process delays, while the
Ziegler and Nichols tuning method is mostly utilized to
determine optimal PID gains for the plant with certain
operating point. However, if the parameters of the plant are
changed because the uncertainty or nonlinearity, those
methods provide poor performance and the controller become
not robust and not in optimum state [26].

In recent decade, design engineers have focused on
evolutionary based approaches to improve the existing design
theories to tune the parameters of PID controllers. The several
optimization methods have been proposed to optimize the
parameters of PID controller such as genetic algorithm (GA),
Particle Swarm Optimization (PSO) method, ant colony
optimization (ACO) method. Those methods provide new
techniques for tuning the PID parameters of controllers [27].

In this paper, an optimization algorithm PSO is introduced to
optimize the parameters of PID controller to design control
system for five link biped robot model to oblige biped robot
walking resemble the human being walking for different
environment and to increase the stability of the biped robot.

Stochastic Algorithm can be applied to the tuning of PID
controller gains to ensure optimal control performance at
nominal operating conditions. PSO is employed to tune PID
gains/parameters (K = [k, k; kq]) in offline using biped
robot model. PSO firstly produces initial swarm of particles
in search space represented by matrix. Each particle represents
a candidate solution for PID parameters where their
values are set in the range of Ky, < K < K. Forthis
3-dimentional problem, velocity and position are represented
(using equations 5 and 6) by matrices with dimension of
(3% Z) size. The swarm size (Z) is the number PID
parameters. A good set of PID controller parameters can yield
a good system response and result in minimization of
performance index in equation below.
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f= > e ®

i=0
where e is the difference between the desired value and the
actual value of the system output.

5. THE STRUCTURE OF
NEUROFUZZY SYSTEM

The main disadvantage of PID controller is that to meet as
much control objectives as possible, the PID controller
requires an exact mathematical model of the controlled
system. Due to most of physical systems are nonlinear
systems and have very complexes mathematical model, so
that determination of exact mathematical model some time is
impossible. The fuzzy logic controller is a good option to
design a robust controller when it is difficult to establish the
mathematical model for a system. Fuzzy logic systems,
which can reason with imprecise information, are good at
explaining their decisions but they cannot automatically
acquire the rules used to make those decisions. The selection
of parameters of fuzzy system is significant problem.
Therefore, many researchers resented several optimization
techniques to optimize the parameters that define the
membership functions, in order to overcome the FLC
disadvantages. Some of these techniques have been utilized
to optimization the parameter of fuzzy membership functions,
such as genetic algorithm (GA), tabu search (TS), particle
swarm optimization (PSO), simulated annealing(SA) and
clonal selection (CS) [28]. On the other hand, artificial neural
networks are good at recognizing patterns, and have ability to
train the parameters of a control system, but they are not good
at explaining how they reach their decisions [29]. These
limitations in both systems have brought about driving force
behind the creation of intelligent hybrid systems, such as
neurofuzzy system, where the two techniques are combined in
a manner that the limitations of the individual techniques have
been overcome [30]. The neuro-adaptive learning techniques
provide a method for the fuzzy modeling procedure to acquire
information about a data set. This technique gives the fuzzy
logic capability to compute the membership function
parameters that effectively allow the associated fuzzy
inference system to track the given input and output data. In
order to process a fuzzy rule by neural networks, it is
necessary to modify the standard neural network structure
accordingly.

Many structures of neurofuzzy system are proposed by
different authors such as: Cooperative Neurofuzzy System,
Concurrent Neurofuzzy System and Hybrid Neurofuzzy
System [29].

The structure of hybrid neurofuzzy is shown in Figure 2.
Neurofuzzy technique gives the fuzzy logic capability to adapt
the membership function parameters that best allow the
associated fuzzy inference system using properties of neural
network to track the given input/output data. The hybrid
Neurofuzzy is based mainly on Takagi and Sugeno system. It
is used to design the fuzzy inference system with given
input/output data pairs. Consider a first-order Takagi and
Sugeno fuzzy inference system which contains K rules, n
inputs variables and one output variable (For simplicity, as
shown in Figure 2, K = 3 and n = 10 are assumed). The k t*
(where k = 1,2,3) rule of this system can be given as

Ry: IF x,is Ay, and x,is By, and ...and x4 1S Ji

THEN y = f,.(x) €))
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where fk(x) = Tor + X1 + TopXxy + - + ok X10

Figure 2 shows that the hybrid neurofuzzy system has five
layers, like the multilayer neural networks, each layer
performs a specific task. The square nodes have adaptable
parameters that will be adjusted during the training phase
while the circle nodes have fixed parameters. The output of
the i node in the I layer is denoted by U}, where every node
in the same layer performs the same function.

Layers: 1 2 3 4 5

Fig. 2 The structure of hybrid neurofuzzy system

Layer 1 is called fuzzification layer. The output of this layer
is given in the following equation:

U}% = pye (x;) (10)

where u;; (x;) is the membership function of the pth node.
The membership function for wu;, (x;) can be any appropriate
parameterized membership function, such as the generalized
triangle function:

0 x; < a;
Xi—a;

- a; < x; < bi
i) =4 o
i v/ Ci—Xj

-— bi <x;i<¢

abi (11)
kO X; = C;

Where {a;, b;, ¢;} are the parameters of membership function,
they called premise parameters, that will be adjusted in the
training phase of the hybrid neurofuzzy system.

Layer 2 is called rule-antecedent layer. Every node in this
layer is a fixed node labeled I1, whose output is the product of
all the incoming signals:

K

U =w; = n#ik(xi) (12)
k=1

Each node output represents the firing strength of a rule. Any
other T-norm operators that perform fuzzy AND can be used
as the node function in this layer.

Layer 3 is called normalization layer. Every node in this layer
is a fixed node labeled N. The i node calculates the ratio of
the i rule's firing strength to the sum of all rules' firing
strengths. The output of this node is given as:
w;
U =@ = ——t 13

13 wl 7,:1 (1.)] ( )
Layer 4 is called de- fuzzification layer. Every node in this
layer is an adaptive node with following node function
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n
fie =Tor + Z TigXi (14)
=1

where  {ror, T To1r - T} (k=1,2,...,K) are the set
parameters of the polynomial function, they are called
consequent parameters which will be adjusted in the training
phase. The kth output of this node is given as

n
Up = @yfy = @ (Tok + Z Tikxi> (15)

i=1

Layer 5 called output layer. The single node in this layer is a
fixed node labeled ), which computes the overall output as
the summation of all incoming signals. The output of this
node is given as

2%:1 w fx

~F (16)
f=1 @

K
y=U7 = Zajkfk =
k=1

The adaptable parameters of hybrid neurofuzzy system
{a;, bi,ci, Tow, T Tokr > Tni}  Should  be modified to
minimize the following performance function:

P
0=) o 17)

where P is the total number of training data set and Op the
error signal between the desired output of pth data and the
actual output of hybrid neurofuzzy system of pth data. Op can
be given by

0, =T, -z, (18)

where Tp is the pth desired output and zp is the pth actual
output in the hybrid neurofuzzy system model.

To modify the parameters of the hybrid neurofuzzy system
model, the steepest descent method as in neural network can
be applied to modify the premise parameters {a;, b;, c;} and
least square estimate can be applied to adapt the consequent
parameters {rox, ik, T2k, - i} @S describe in [30].

6. NUMERICAL SIMULATION AND
RESULTS

In this work, two types of control system are used for biped
robot: auto-tuned PID controller and Neurofuzzy controller.
The MATLAB program is used to simulate the proposed
controller with biped robot and to plot the output responses of
four angles. The Simulation parameters for the biped robot are
tabulated in Table 1. Four auto-tuned PID controllers are
designed one for each angle. The parameters of PID
controllers are tuned using Particle Swarm Optimization
(PSO) algorithm as shown in Figure 3.

Table 1 The Simulation parameters of the biped robot

model
Body parts Length(m) Mass(kg)
Legs 1,=l5=0.8 m;=ms =5
Thighs l,=l,=0.5 m,=m, =5
Torso ;=05 ms =1
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Fig. 3 Tuned the Parameters of PID Controllers with PSO

The output control signals of PID controllers are applied as
voltage inputs for the servo motors to force the join angles to
follow the desired trajectories. The first PID controller is
designed to control the value of the torso angle (63). The
second PID controller is design to adjust the difference
between the thigh angles (Q= 04- 02). While the third and
fourth PID controllers are designed to control the left leg knee
angle (01) and the right leg knee angle (05) respectively. The
optimal parameters of PID controllers are shown in Table 2.

Table 2 The parameters of designed PID controllers using

PSO algorithm
PID controller Ko K, Kb

First PID 1.562 0013 | 4377
Controller
SecondPID| ) gaq 0024 | 0332
Controller

Third PID 9.773 0.033 1.002
Controller
FourthPID 1 o0 o0 | 0.021 | 12.689
Controller

The inputs-outputs data set which are collected from the PID
controller are used to train the parameters of four Neurofuzzy
controllers. Each Neurofuzzy model has two inputs and one
output. The first input is the error between the reference angle
input and the value of actual angle while the second input is
the derivative of the error. Each input has seven Bell-Shape
membership functions. First input and second input has seven
grades: negative big (NB), negative medium (NM), negative
small (NS), zero (ZE), positive small (PS), positive medium
(PM) and positive big (PB). The Sugeno-Type fuzzy inference
system has been used. The linear function has been used as
output membership function. The output of each controller is
the voltage control signals with is applied for the servo motor.
It has seven grades: negative big (NB), negative medium
(NM), negative small (NS), zero (ZE), positive small (PS),
positive medium (PM) and positive big (PB). The numbers of
fuzzy rules are 49. The selection of this rule depends on the
response of the optimal PID controller which is designed
before. The Hybrid Learning algorithm has been used to select
the optimal values for each Neurofuzzy controller. Also, the
output gains of Neurofuzzy controllers (four Neurofuzzy
controllers are used in this work) are selected using PSO
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algorithm. The parameters values of output gains are listed in
the Table 3.

Table 3 Output gains values of Neurofuzzy Controller

Output First Second Third Fourth
gain of controller | controller | controller | controller
97.5382 | 29.9051 | 58.0021 73.552 97.5382

The comparisons between the responses of biped model
system with Neurofuzzy controller and PID controller to multi
step reference are shown in Figure 4-7.

2

sb HF Ceartroller
s Fferenze

PID Controller

1k

o5

0
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25

[ 1 2 3 4 s B 7 B o 10

Fig. 4 Torso angle response for both proposed controllers
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NF Controller
w—Reference

PID Contraller

ab

sk

2k

3

Fig. 5 Difference between the thigh angle response for
both proposed controllers

HF Controller
e Frfzrence
PID Controller | -

| T
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Fig. 6 Left leg knee angle response for both proposed
controllers
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Fig. 7 Right leg knee angle response for both proposed
controllers

7. WALKING SIMULATION

To study the effeteness of the designed Neurofuzzy
controllers, the GUI simulation is used to show the movement
of the biped robot on smooth lane as illustrated in Figure 8.
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Fig. 8 GUI simulation shows the movement of the biped
robot on smooth lane

For studying the robustness of the proposed controllers, the
designed controller is employ to control the walking of biped
robot on rough terrain with random road profile and climbing
the stairs. Figure 9 illustrates the GUI simulation movement
of the biped robot on rough terrain with random road profile.
Figure 10 illustrates the GUI simulation of climbing of the
biped robot the uniform stairs.
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Figure 9 GUI simulation movement of the biped robot on
rough terrain with random road profile
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Figure 10 GUI simulation of climbing of the biped robot
the uniform stairs

8. CONCLUSION

The model of biped robot is highly nonlinear system with
various uncertainties, so that the design of robust controller
should be established. In this work, two type of controller are
designed: Neurofuzzy controller and PID controller. Four PID
controllers are designed using PSO algorithm for biped robot
to imitate the human locomotion. The input/output data which
are collected from PID controller are used to design the
Neurofuzzy controller. Then, the output gains of Neurofuzzy
controllers (four Neurofuzzy controllers are used in this work)
are selected using PSO algorithm. The numerical simulations
and results are shown that the proposed Neurofuzzy
controllers are able to drive the biped robot to imitate the
walking of the human being. The robustness of the proposed
controller is studied to show the ability of biped robot to walk
on rough terrain with random road profile and climb the
uniform stairs look like the human being without falling
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down. Also, the results show the robustness and effectiveness
of the proposed controller. The GUI simulation is used to
prove and illustrate the robustness of the designed controllers.
The real implementation of the biped robot with proposed
system will be constructed in the future.
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10. APPENDIX 1

Ji1 =1L + md? + (my + mg + my +mg)l?

J12 = P12 cos(6; — 65),

where pi, = mydyly + (mz + my + ms)lily,

J13 = p13cos(6; — 03), where p;3 = mslids,

J1a = P14 cos(8; + 6,),

where pyy = myli(ly — dy) + mslyly

J15 = p1s cos(6y + 05) ,where  p;5 = msly (s — ds),
J21 = J12,

J22 = I + myd? + (mg + my + ms)i3,

J24 = P24 c0s(0; + 6,),

where pyq = myul, (L, — dy) + mslyly,

Jas = pascos(8; + 05), where pys = msly(Is — ds),
J31 =13 J32 = J23

Jszs =13 +mzdi, Jsa=J35=0

Jar =J1a Jaz =J2a0 Jaiz=J32a=0

Jas = Iy + my(ly — dy)* + msl3,

Jas = Pas cos(8y — 05), where pus = msly(ls — ds),
Js1=J1s, Js2 =Jas, Js3 =Jas =0, Jsa = Jus,

Jss =I5 + ms(ls — ds)?,

b2z = p1zsin(6; — 6,), b33 = pq3 sin(6; — 63),

biss = —p14sin(6; + 6,), biss = —pissin(f; + 6,),
by11 = —p1zsin(6; — 6;), by33 = pa3 sin(B, — 63),
byss = —P2asin(6, + 6,), byss = —pas sin(6, + 65),

b311 = —p13sin(6; — 65), b3y2 = —Pa3sin(f; — 6),
b34q = b3ss =0

by11 = —p1asin(0; + 6,), byz2 = —pa4sin(0; + 0,),
byz3 =0,  byss = pas sin(fy — 65),

bs1y = —pyssin(6; + 05), bsaz = —p2s sin(0; + 65),

bs3z =0, bs4a = —Pas sin(6, — O5),
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Gy = —[mydy + (my + my + my + ms)l;]gsin(6;)
G, = —[m,d, + (mg + m, + ms)l;]1gsin(6,)

Gz = —[m3d;]gsin(6s)

G, = [my(ly — dy) + msly]gsin(6,)

Gs = [ms(ls — ds)]gsin(6s)

Where

m; is mass of it"link, i=1,..,5

1; is length of it*link,

d; is distance between the mass center of i*"link and its lower
joint.

I; is moment of inertia with respect to an axis passing through
the mass center of it"link and being perpendicular to the
motion plane.

g is acceleration of gravity.
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