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Abstract

Nowadays the robots must be able perform more and more caitgsles at higher

velocities and they must be able to interact with the enwvirent. This can be
achieved by using advanced control algorithms, which megexact cancellation
of nonlinearities and coupling. For that, exact robot dyitamodels are needed.
Hence, accurate modeling of the robot manipulator dynahasgemained one of
the important issues in robotic. Robot manipulators aralitigoupled nonlinear

systems and in practice we have to deal also with model pdr@mecertainties

and obtaining. So, accurate dynamic model is a challengisk. t Direct mea-

surements of the robot characteristics are usually imjmaatr even impossible
in many cases. This fact complicates the modeling and iieation. The idea is

to employ neural networks (NN) for model based control, teeuse the ability

of neural networks (NN) to represent the non-linear retediop for modeling the

robot and to include NN in the control strategy. The propasedel is evaluated

in a simulation as well as in real world experiment.
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1 Introduction To verify the proposed approach we tested it first using

simulation, where the robot model and its parameters

In recent years many control algorithms that includg e nown, Simulation results showed that NN based
NN [1], which can compensate the nonlinearities in the,

system, have been developed. The general mapping a7 idel for friction and gravity compensation can effec-

; . . ly compensate nonlinearities in the robotic system.
learning properties are the main advantage of NN [2jet we have implemented the algorithm on a real sys-
compared to the existing general methods, since th

-ral me c€ N&¥m. We have compared the behavior of the robot with
can learn the system characteristic without knowing thﬁnd without the NN compensator.

model structure in advance [3]. This learning capabil-

ity is used to learn a certain function [4], e.g. highlyThe paper is organised as follows. In section 2, we give

nonlinear function, direct dynamic, inverse dynamic ora brief description of the dynamics of rigid body. In sec-

any other characteristic of the system. tion 3 the proposed neural network structure and learn-
ing algorithm are given. In section 4 the identification,

The leamning process can be done in two ways: thgmlation and real world results are given. And finally
off-line and the on-line method. Using the off-line ap-tne conclusions are given in section 5

proach, the NN learns through some learning data sets
without interacting with the robot. Using the second2 .

method, the NN tries to adapt on-line during the learn¢ Robot dynamics

ing phase. This is usually preformed during a norrepotic control based on a computed torque algorithm
mally long training period, when the robot system iSs a challenging problem, since the robotic system is
controlled by some independent supervised control [Shon-linear and highly coupled [7]. To cope with this

If the learning process of NN is not switched off afterproblems, a general theory of linear systems can not be
the learning phase, the NN-based controller works as &firectly applied [8]. However, to solve these problems,
adaptive controller [6]. two methods have been developed: Lagrange-Euler and

In this paper, we present the application of a NN fof€Wton-Euler formulation. Block diagram of the robot
modeling of the robot dynamics and incorporating it indynamic is shown in Fig. 1.

the control strategy. This is possible due to the abil-
ity of training NN to learn both a system input-output . .
relationship or its corresponding inverse relationship. ™ H (q) 9, I 9, J- 9
Because, the torque depends only on the current state |-
of the robot, i.e. acceleration, velocity and position of

each joints, a static NN can been used.

\/

A\

A A

C(q,q) + Byq +g(q)

Due to the analytically complex determination of the
dynamic model, and initially referred properties of neu-
ral networks, we propose to replace the dynamic model
with a NN, where the inputs into the network are joint

positionsg and velocitiesj and outputs are compensat-The robot dynamics, which describes the relationship

ing jOint tOI’que_ST. In th|S approach, the inertia term between the joint torquesand positionq, is given by
has not been included into the NN because accelergye | agrangian equation

tion are usually not available on real robots. Hence, we
have identified only the position and velocity dependent T =H(q)§+C(g,9)d +Bsg+g(q), (1)
terms, i.e. the joint friction and gravity forces.

Fig. 1 Block diagram of the robot model

For friction identification we propose a method, WheréNhereH(q> Is the inertial matrix given by

the system has to learn not only the friction parame- T
ters but also the shape and properties of friction torque. 5., _— Z Tracq(iTQ)Ji(iTg)T]
Considering only the torques which appear due to the ” oqr " dq; "7

i=max(j,k)

friction, we can separate the problem into the identifi-
cation of friction in individual axes. where] is the number of DOFs. NexCi(g, §) is the
sation is usually analytically and computationally unde¥sing Christoffes symbols as

manding. However, the model parameters like masses P

and mass center points are sometimes very hard to ob- o o

tain. In such a case, the gravity torque compensation re- €= Z Z Cjok, 1 kAL

quires advance identification algorithms for identifying k=11=1

the gravity influence. Gravity compensation is a multi- I 92 5
dimensional problem, which depends on the number og, _ Trac TN J. (LT
DOFs. The interaction between separate axes is signif?”*" Z 4 q10q; i) Z(aqk i

icant and can not be avoided by separating the problem i=maz(jk.l)

into individual axes, as in case of friction compensationwhere j, k,l = 1,...,1, J; is the pseudo inertia ten-
Therefore, it is necessary to use multiple dimension irsor andT" is the homogenous transformation matrix
puts and outputs for the NN. between frame i and frame j. NexX8; is the friction



and finallyg(q) is the vector of the gravity contribution 3  Neural network architecture and learn-

given by ing algorithm
I
o Z(_m' (iT(})r.) In this section we described two-layered structure of a
97 - 9 dq; NN, which is used for modeling of the robot dynamics
= and can be incorporated into the control strategy. We

Herem; is the mass of the i-th link and contains the propose to use a static two-layered feedforward NN be-
homogeneous coordinates of the center of mass of lirdause in theory the torque depends only on the current

1 expressed in theth coordinate frame state of the robot, i.e. the acceleration, velocity and po-
T sition of each joints. This NN are usually trained in the
ri = [wiyi 2 1] off-line mode.

Elementg represents the gravity vectgr= [0 0 — g 0],

whereg — 9.8 m/s2. This kind of a NN architecture is most commonly

used with the backpropagation algorithm - the multi-
To compensate the nonlinearities and the coupling, tHayer feedforward network. The backpropagation is
control law is given in the form the generalization of the Widrow-Hoff learning rule
. A A to multiple-layer networks and nonlinear differentiable

o = H(qQu+C(q,4)¢ +Brg+9(q) (2) transferfunctions [2]. Inputvectors and the correspond-

Wherérepresents the Computed modeL whichisin gedng target vectors arg used to train a network until it can
eral not equal to the exact model. The outer loop contr@PProximate a function.

law w is equal to In [3] authors have shown that any nonlinear function

u=dq+Kqsé+Kpe. (3) can be approximated with an arbitrary precision using a
. . . two-layer NN with biases, a sigmoid layer, and a linear
Heree is the difference between the desired and the agy, iyt layer. In this case the approximation error de-
tual value joint positions&= g4 — q), K, andKq are  ,on4¢ only on the size of the number of hidden neurons.

gain matrices. From Eq. (2) it follows that exact feedrhe standard backpropagation is a gradient descent al-

back compensation is possible only if the model equalg, jthm in which the network weights are moved along
to the real system. In this case, the close-loop error is

the negative of the gradient of the performance function

éE+Kqe+Kpe=0 4) [2].
and with properly selected gail§; andK,, the asymp- Properly trained backpropagation (feedforward) net-
totic stability of the system can be assured. works tend to give reasonable results when presented

. N with a new inputs that they have never seen. Typically,
Due to the analytically complex determination of thesuch input leads to an output similar to the correct out-
dynamic model, and initially referred properties of neu:

ral networks, we propose to replace the dynamic mOdﬁft for input vectors used in training that are similar to

. : e new input being presented [2]. Therefore, it is pos-
ggzggboendl\? |)\1 ggni:nv:z:hc?)rwgl e.r;l'sf;?ig;czgz?\?gncgsrltrolle ible to train a network on a representative set of input

and corresponding outputs pairs and to get good results
7. = H(q)u + FFN(q, §), (5) Without training the network on all possible pairs.

where the FFNyg, g) is a static neural network. Inputs The structure of a feedforward NN that was used for
into the network are joint positiong and velocitiesy  modeling of the robot dynamics is given in Fig. 3. Ac-
and outputs are compensating joint torques as shown@ording to [2], this NN can be used as a general function
Fig. 2. approximator. Since it can, with sufficient neurons in

the hidden layer, approximate any function with a finite
v number of discontinuities.

H ! (q) a I -

C(q,49) + Byd + g(a)

—> H(q)
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Fig. 2 Block diagram of the robot model (gray) with the

compensation part based on NN Fig. 3 Structure of the proposed NN for modeling the
robot dynamics. The description is given in the text

As we can see in Fig.2 the inertia term has not been
included into the NN because accelerations are usually
not available on real robots. Hence we have identifieihe basic structure of the NN presented in Fig. 3 has |
only the position and velocity dependent terms, i.e. thimputs, N neurons in the hidden layer and M neurons in
joint friction and gravity forces. the output layer. According to [2], the neurons in the



hidden layer are given with

1

a= 1+ e(@Wy;+b1)

1, (6)
where they; is input vectorIW is the weight matrix
andb; is the weight vector. Next, the output layer is
given with

Yo = LWa + b2; (7)

where they, is the system outpul,W is the output
layer gain matrix and is the output layer gain vector.

Once the weights and biases are determined for the

feedforward NN, the network is ready for the training. Fig. 4 Experimental planar manipulator
The training process requires a set of example inputs

and corresponding targets pairs. During the training the

weights and biases of the network are iteratively adére done with low and constant velocities. Conse-

justed to minimize the NN performance function [2]., ,antlv. onlv the position and velocity dependent term
Usually the default performance function for feedfor-glrje ingl’udeé in tEeSIrr:odel i.c\e/. thleyjoin[z friction ands

ward networks is the mean square error defined as gravity forces.

1 M 4.1 Friction identification - (B ¢
Emse == N Z (61')2. (8) ( fq) . . .
by} In recent years many models for friction in robotic
] ) ) joints were developed, e.g. [7, 12]. Usually their com-
whereN is the number of inputs and corresponding tarmon feature is that the friction model is predefined and
gets pair and; is the difference between the targets angn|y the parameters are identified. However, if NNs are
NN outputs and is not refereed to théorm Eq. 4. used to model the friction, the system has to learn the

Several different training algorithms for the feedfor-Properties and the shape as well. Such an approach is
ward NN exist for minimizing the preformance func-Called a black box principle. Because the friction in a
tion. All these algorithms use the gradient of the perforSPecific jointis usually not cupped with other joints, we
mance function to determine how to adjust the weight§an separate the problem into individual axes.

[2]. The gradient is determined with a technique callettp determine the friction-velocity relationship for the
the backpropagation. joints of a planar manipulator, each joint of the robot
In our case, we use an algorithm called Levenberd¥@S commanded to move at a constant torque and the
Marquardt [9] to optimise the weights. This method€locity at that torque was measured. The Simulink
was developed in order to learn the weights with th&10del for collecting the data is presented on Fig. 8.
second order convergence, without computing the He¥Ve assumed that the command torque corresponds to

sian matrix [10] directly. A detailed description of the the friction for the measured velocity. To characterise
above algorithm is given in [9]. the friction behavior, the velocity data was divided be-

o tween -5 rad/s and 5 rad/s with 0.05 rad/s increments.
Structures of NN and methods presented in this segor each increment the mean torque value was calcu-

tion are included in Neural Network Toolbox for Mat- |ated. The acquired data, a total of 241 torque-velocity
lab/Simulink and can therefore be used out-of-the boXpairs per joint, was used for learning the NN.

4 ldentification and control examples

The main part of our experimental system is a labora-
tory manipulator developed specially for testing differ-
ent control algorithms. The manipulator has four revo-
lute DOFs acting in a plane (Fig 4). As the task space
is two-dimensional (x-y) the manipulator has two re-
dundant DOFs. In [11], authors presented the exact dy-
namic model of this robot suitable for simulation. This
enables us to test proposed NN structure in both simy
lation and real-world experiment. Hence, we can com| -,
pare the behavior of the control system if ideal mod] ™
els for friction or gravity compensation are used to th¢
models based on NN.

As we already mentioned, the inertia term has not bedfd- © Simulink block diagram of the planar manipula-
included into the NN because acceleration is not avaifo"
able on this robot. Based on our experience the acceler-
ation contribution can be neglected if the experimentShe best fit approximation of experimental data of the
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NN is shown in Fig. 6, for both negative and positive .. [ . o
velocities and for all 4 joint. As shown in Fig. 6 all - —}= e e
4 joints have a linear relationship between the friction . : -
torques and the velocity. It is a typical combination of SN
Coulomb and viscous friction (the model used in the

planar manipulator dynamic model).
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Friction compensation

Fig. 8 Simulink block diagram of the task space control

' g — for a planar manipulator with friction compensation
p p p
SR SR
-0.5 ' -05 ] . . .
! — ! the system with the control algorithm defined as
R et A y 9
’ 4l ) 2 u=J#(E4+ Ky(dqg — ) + Ky(xq — x)) — Jg,
! 08 —— vyhert_ai, &, x are the_ acceleration, velocity and posi-
05 .'_// 02 ! tions in task spacd# is the Moor-Penrose generalized
€ o ! g o i inverse,K,,, Kq are gains with empirically determine
s : -0z H values 1000 and 160. The reference trajectofyhas
— 04 been selected as
g 9 xq1 = 0.2(cos(t) + sin(2t)),
Fig. 6 Velocity-dependent friction for all four joints ap- g2 = 0.15(sin(¢) + cos(2t)).

proximated with NNs in simulation. The friction data

ﬁg)gne%i\\;\gt\?eﬁgﬁitli\g curves are shown for positive anqn the first three steps, we have made a simulations
using the complete model of the planar manipulator
including Columbic and viscous friction. The model
as tested with an ideal friction compensation (Per-
fect comp.), with a friction compensation using NN
{Comp.) and without any friction compensation (No
omp.) as shown in Fig. 9. For the NN friction model

However, as it can be seen form real experiments i
Fig. 7 joints 2 and 3 exhibited varying degrees of de
creasing viscous with increasing velocity. Therefore, i
is hard to determine the basic shape for friction mode 2

e results presented in Fig. 6 were used. We can see

which can be used in all four joints. Hence, we propos .
a NN to model the friction, since it can easily cope with'at the mean square error (MSE) between the desired
and the actual valug£, — «)°) is in the case of per-

non-symmetrical curve as shown in the bottom rlghtfect model and of the NN based friction model close to
hand plot on Fig.7. ; o
zero. However, the in case, where the friction was not
compensated the MSE was significant (see the bottom

/~ 2 plot on Fig. 9).

|

T2
Em . —

I
.
y
Z4
\«.

&
o
o
&
o
a

<
firy
Q
[\V]

|

n 1
N 1
o ! N : ‘ ‘ ‘
=0 H L : = “01 0 03 04 05
-0.5 R '
A 05 2 —008
1_,__,.M~""" 'o""'" éooe 4
5 q03 5 -5 qo4 5 ‘EIDJOM ,
: : - - = o ]
Fig. 7 Velocity-dependent friction for all four joints ap- e i R
S

proximated with NNs in real experiment. The friction
data along with the NN curves are shown for positivesig. 9 Tracking results from simulation in the top plot,
and negative velocities wherez, is the reference trajectory (J.v are results
using NN friction model (-),xz,, are results without

_ o _ compensating friction (...) ang; are the results with
To verify our friction model for the planar manipulator, jge| friction compensation (-.-). The same is valid for
we fed-forward the torques computed by our frictionne pottom plot where the MSE is shown
models. Fig. 8 shows the Simulink block structure of



In the fourth and the fifth step we have used the saniehe gravity compensation is a multi-dimensional prob-
approach, excluding the approach with the prefect fridem, which depends on the number of DOFs. The inter-
tion compensation, which is on a real system imposaction between separate axes is significant and can not
sible to obtain. For the NN based friction model thebe avoided by separating the problem into individual
results presented in Fig. 7 were used. The positions ades as in the case of the friction compensation. There-
tracking MSE are shown in Fig. 10. Again we can se€fore, it is necessary to use multiple dimension inputs
that in the case, where friction model was not used, thend outputs for the NN. To demonstrate the applicabil-
tracking results are poor. ity of the proposed NN structure we a use planar manip-
ulator (Fig.4) where the base was rotated for 90 degrees
in such a way that the gravity effect was significant for

1 all four joints.

q
Tg Dyn

qd
Model Dyn

A

9(a) q

Neural Network
b Gravity comp

o PRI X
e s

Bt i Vit Fig. 12 Simulink block diagram of the joint control of a

t fs] planar manipulator with gravity compensation
Fig. 10 Tracking results from real experiment in the top
plot, wherez, is the reference trajectory (-iv areé 1o verify our NN base gravity model for the planar

results using NN friction model () and, are results - manipuiator, we fed-forward the compensation torques.

without compensating friction (...). The same is validrig, 12 shows the Simulink block structure of the sys-

By comparing the simulation and real experiment aver- Tu=9(a) + Kp(qa - 9),

age MSE we can conclude that the results are similar ighereq, is the desired joint anglegj(q) is the grav-
both cases for included compensations as well as withty model based on NN and’, is a gain for position
out the compensation (see Tab. 1). Furthermore, th®ntroller. The value ofs, = 0.025 was determined
average MSE between perfect friction model and NNempirically.

based friction model, are almost identical. Hence, the

model based on NN can reproduce the exact friction bd© get the required data for learning the NN the follow-
havior. ing assumptions ware made: the velocity is constant,

acceleration is zero, and the terRa(g)¢) in Eqg. 2 can
é)e neglected. To decrease the friction effects we have

Tab. 1 Average MSE error for tracking experiment Zveraged the torques for up and down movements.

with different friction models for friction compensation

To determine the gravity relationship for the joints of

| | Simulation | Realrobot | : =
a planar manipulator, each joint of the robot was com-
Perfect Comp.| No Comp.| No manded to move at a low constant velocity up and down
comp. comp. ComP. | at different anglesi(to 27 with a step of2Z). For each
wse || 0.0014] 0.0016] 0.0248]] 0.0071] 0.0291]  ygvement the mean torque value was calculated using

the above assumptions. The acquired data, a total of
4.2 Gravity identification - (g(q)) 74 torque-velocity pairs per joint, was used for learning
the NN, with 4 inputs and 4 outputs. For this particular
calculation of the gravity compensation torque is usu%ase’ a 25 hidden neurons in NN was used. The number
. ; ~~-of hidden neurons was determine empirically.
ally analytically and computationally undemanding.
The parameters used for the gravity compensation afidne simulation results of the ideal gravity compensa-
usually taken from technical documentation or deterion and gravity compensation based on NN are given
mined through least-square based techniques. Theasdrig. 14. We can see that the NN based gravity model
different techniques are usually difficult to implementehaves almost exactly as the ideal model. This shows
due to the limitations, e.g. the kinematic error and théhat model based on NN is able to successfully identify
compliance in the harmonic drive system could not béhe exact gravity torques. If we compare this results
directly measured without an output axis resolver meawith the results, where the gravity compensation was
surement. Therefore, such techniques always includxcluded we can see that the P-control-loop is not able
some error due to the lack of sufficient information tato compensate the gravity effects, and therefore the er-
full characterise the state of the system. ror between the desired and the actual joint angle was
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Fig. 11 Time sequence of simulated joint tracking resultsafbfour joints with: A) ideal gravity compensation,
B) gravity compensation based on NN and C) no gravity congéns

significant (see Fig. 13). In Fig. 11 the results are given =sF
for three cases: A) ideal gravity compensation, B) grav- £
ity compensation based on NN and C) without gravity sl ..o S 5mm s
compensation. °
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Fig. 14 Simulated joint tracking results for all four
joints with ideal gravity compensation (-) and with
gravity compensation based on NN (-)
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Fig. 13 Simulated joint tracking results for all four5 Conclusion

joints without gravity compensation In this paper we presented an approach for the modeling
and the identification of the dynamic model based on
neural networks. Presented experiments showed that

We have shown that, by separate approach for determitie statical neural networks can be efficiently used for

ing the compensation torques for friction and gravitylearning the properties of the robotic system.

the NN can accurately reproduce the behavior of fric;

tion effects or gravity effepcts. However, if we would Although, the use of the neural network was success-

like to identify the complete model with a single NN, Ul I f?” experm"_nenlts, 0?'){ the |d§nt|f|c|at|or:1 °|f fric-

huge data set for learning would be required. The siztIon shows practical usefulness. Namely, the learning
f the leaning data. set ld be at | aéf*bOF) data set for a robot manipulator with many degrees-of-

Oh e egnl?]g aabse v¥ou eatle . . freedom, may become very huge and therefore it is not

where X Is the number of measurements for a singlg,,,vs nossible to obtain all the data required for the

joint anda is the number of measured quantity for eadbff-line NN learning process

joint, e.g. the acceleration, the velocity and the posi- |

tion. Our further work will focus primarily on the search for



suitable adaptive neural networks, which will be use-

ful for modeling the dynamics of the robot during the
operation.
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