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Abstract

A method for improvement of a position estimation of a robot manipulator
based on model with uncertain parameters is presented. To calculate the
position of the robot there was designed the robot model using artificial
neural networks with structure of the mathematical model in the form of
Lagrange-Euler equations. The Tikhonov regularization was then used to
improve the approximation of the robot’s position. The example of the
position of the robot PUMA 560 with 6 degrees of freedom calculation
with proposed method is presented. Obtained results indicate significant
improvement of the estimation.

Keywords: robotics, neural networks, inverse dynamic problem,
regularization.

Zastosowanie regularyzacji Tikhonova
do poprawy estymacji pozycji robota
na podstawie modelu o niedoktadnych
parametrach wyznaczonych za pomoca
sieci neuronowych

Streszczenie

W pracy przedstawiono metod¢ poprawy estymacji polozen robota na
podstawie modelu robota o niedoktadnych parametrach. Do wyznaczania
potozenia robota zaprojektowano model robota z wykorzystaniem
sztucznych sieci neuronowych o strukturze modelu matematycznego
w formie rownan Lagrange 'a-Eulera. W celu poprawy estymacji potozen
na podstawie wyznaczonego modelu zastosowano regularyzacje
Tikhonowa. Zaproponowana metoda zostata przedstawiona na przyktadzie
odtwarzania polozen robota PUMA 560. Otrzymane wyniki wskazuja na
znaczng poprawe¢ doktadnosci.

Slowa kluczowe: robotyka, sieci neuronowe, model robota, regularyzacja.

1. Introduction

Mathematical model of robot has complicated, highly nonlinear
multi-input multi-output structure. Equations describing the
dynamics of the robot can be calculated using the Lagrange-Euler
equation [2], but this requires a knowledge of the exact values of
the robot's physical parameters that are hard to obtain [4].

It is possible to identify the robot model with neural networks
which parameters can be easily, adaptively calculated. Different
neural networks presented in [6, 10, 12, 13] are examples of such
model. Designing neural networks does not require the knowledge
of functions of the model, but only values of robot joints position.
Moreover the structure of the neural network can resemble the
model of the robot and identify elements in the Lagrange-Euler
equation. However, there exists a problem of an uncertainty of
identified parameters which results in sudden decrease of the
position estimation accuracy [12]. This can be caused for instance

by loss of the positive definiteness of the identified inertia matrix,
it was investigated in [13].

One of the techniques for improvement of approximation based
on uncertain model is regularization. The most common is the
Tikhonov regularization [1, 3, 7, 8] also known as the Tikhonov-
Powell regularization or the ridge regression. In this paper using
the Tikhonov regularization we present a method for improvement
of the robot manipulator position estimation calculated based on
uncertain neural robot model.

The article is organized as follows. In section 2 a discrete time
mathematical model of robot manipulator in the form of the
Lagrange-Euler equation is described, and the structure of neural
network for identification of the inverse robot model is presented.
Afterwards, the robot position estimation using identified neural
model is described. The Tikhonov regularization and properties of
ill-posed problems are presented in section 3 and in section 4 the
robot position estimation based on neural network model with the
Tikhonov regularization is presented. Section 5 describes
numerical results obtained for estimation of the PUMA 560 robot
manipulator position. Finally, concluding remarks are given.

2. Neural network Lagrange-Euler
robot model

The discrete time model of the robot with #n degree of freedom,
based on the Lagrange-Euler equation [2] can be presented as
follows [12]

(k) =V (k) + G(k) + M(K)T, " [q(k +1)=2q(k) + q(k=1)] (1)

where z(k)=[r,(k)]e R" is vector of control

q(k)=[q,(k)]e R" is vector of generalized joint coordinates,
M(k)=[m, (k)] e R™" is robot inertia matrix, M(k)= M[q(k)],
V(k)ye R" is vector of Coriolis and centrifugal forces,
V(k)=V[qk),q(k—1)], G(k)eR" is vector of the gravity
loading, G(k)=G[q(k)], k is discrete time and 7, is sampling
period (# =4T,).

The above model can be rewritten as follows [12]

signals,

7(k) = P(k) + M(K)T,*[q(k +1) = 2q(k) + q(k = 1)] (@)

where
P(k)=[p,(k)]=V(k)+G(k) (3)
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In the robot model (1) the unknown nonlinear elements of
M(k), V(k), G(k) should be identified. For identification we

present model (2) as a set of #n equations
7,(k) = p,(k)+ > my; ()T, *[q,; (k+1)=2q, (k) +q,(k=D] (4)
Jj=1

i=1,...,n

Elements p, (k) and m,(k) can be identified using a feed-

forward neural network [12]. Structure of the neural network for
the identification of elements is shown in Fig. 1(a). Inputs to the
neural network are generalized joint coordinates ¢g(k) and the
output of the network is z,(k). Therefore we call the obtained

model the ‘inverse’ one. Clearly, we have n independent neural
models (4) for every degree of freedom.

" T | Pk
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Fig. 1. The structure of neural network for (a) identification and (b) estimation
of elements in model (4)

Rys. 1. Struktura sieci neuronowej (a) do identyfikacji i (b) do estymacji
elementéw w modelu (4)

The identified model can be used for estimation of unknown
elements of the robot model based only on joint coordinates g(k),

see Fig. 1(b). It is easy to note that matrices in (2) can be
estimated as follows

M(k)= M, (k)=[m,, (K], i=L...nj=L.,n (5

P(l)= Py (k) =[py (k)] i=1,....n (6)
where elements m,,, (k)and p,, (k) are calculated by neural
network according to Fig. 1(b).

Then, the following equation for estimation of robot position
can be used

Guw (b +1) = 2q(k) = q(k = 1) + A, (k) 0

where ¢,, (k +1) is estimated position and

Ay (k) =T, My, () (k) = Py (6] ®

3. The Tikhonov regularization

In many automatic control applications occurs a problem of
finding a good approximation of the vector x e R” that satisfies
a standard matrix linear equation

Ax=b )

where A=[a;]€ R™ is matrix of approximated coefficients,
x=[x,]e R" represents vector of unknown parameters and
b=[b;]€ R" is vector of measurements.

The presented problem is called well-posed in the sense of
Hadamard if following conditions are satisfied [3, 7, 8]
a) a solution exists, b) the solution is unique, c) the solution
depends continuously on the data. If one of presented conditions is
not satisfied the problem is called ill-posed.

Usually, if (9) is ill-posed, the solution has very big errors. In
such case matrix 4 is also ill-conditioned. This property can be
tested using a condition number which can be -calculated
according to a following equation [5]

e}
K.A —  Amax (1 0)
O-A min

where 0 ...,0 .. are maximal and minimal singular values of
matrix 4 [5].

Matrices with the condition number near 1 are said to be well-
conditioned and matrices with the condition number much above 1
are said to be ill-conditioned.

If the problem is ill-posed, during the numerical solution it can
be regularized using additional assumptions. The commonly used
method is the Tikhonov regulatization [3, 7, 8]. Regularized
solution is defined as follows

X =argmin{|dx — sz + azHl"xHi} (11)

where X is explicit solution , ' e R™ denotes Tikhonov matrix
(it is assumed that [''T" is positive definite), o >0 is scaling

factor,

xH , denotes Euclidean norm of vector x.

Solving (11) leads to the following formula, derived by
Tikhonov [1]
F=(A"A+al"T) " 4"b (12)

Usually, in the simple approximation, I" can be chosen as an
identity matrix [7, 8]. Scaling factor & can be chosen arbitrarily or
by using special techniques, for instance cross validation,
maximum likelihood, conjugate gradients or evolutionary
algorithms [7, 8, 11].

4. The position estimation of the robot
using neural network model and
the Tikhonov regularization

In every step k the identified by neural network model of robot

can be rewritten using (2) and identified matrices (5)-(6) into the
matrix form of linear equations as follows

Mo, ()T, [ gy (k +1) = 2q(k) + q(k = D] = by, (k) (13)

where
by (k) =7(k) — Py (k) (14)
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Using the Tikhonov regularization according to (12) with the
Tikhonov matrix I'=/, the following equation for the position
estimation can be used

g (k+1) =2q(k)—q(k-1)+ A, (k) 15)
where

Ay () =T TM G ()M, (k) + ol 17 My, (R)[(k) = Py, (K)] (16)

5. Numerical example

It was shown in [12] that calculation of robot position estimate
according to (7) can give big errors, e.g. for robot PUMA 560 [3, 7].
In the example the PUMA 560 robot was simulated in the time
interval T = 200 [sec], with the sampling time 7, =0.01 [sec].

Therefore, there were 20 000 data samples for the training and 20
000 data samples for the testing of neural networks. The training
and testing data, reference trajectories and control inputs, were set
different for every joint. Both trajectories are presented in Fig. 2-3
and it is easy to see the differences.

Every element of the robot’s mathematical model (4) was
identified by a two layer neural network with one nonlinear hidden
layer with 2 neurons and one linear output layer with 1 neuron. In
all nonlinear layers neurons were described by sigmoidal
activation function

¥ = Sy (u) = tansig(u) (17)

In linear layers neurons were described with a linear activation
function

y= 1, =u ()

where

w=wy+ > W, (19)
i=1

and N is a number of a neuron inputs, w, denotes a weight of the
i -th input to the neuron, u, is an ;-th input to the neuron and w,

is a threshold offset.

Neural networks were trained off-line using the conjugate
gradient method to update weights in all layers [14]. There were
100 training iterations. The neural network training was carried
out based on the training trajectory. The performance function of
the neural network was chosen as a mean square error of the
control signal in j-th joint

J; = 20 = 7 (P 20)

K
k=1
where K is a number of all data samples.

Then, network generalization properties were tested using the
testing trajectories. Both trajectories were different for every joint,
compare Fig. 2 and 3. The accuracy of the position estimation in
every joint for learning and testing trajectories was evaluated
using the following quality indices

a) average absolute position error
1 K
Ca =2 2|0 () = ,,(K)| @n
Kia
b) maximum absolute position error

Crnaxi — max‘ql\/Ni (k) -4, (k)‘ (22)

ke[l1L,K]
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Fig. 2.  Training trajectories for each joint of the robot PUMA 560
Rys. 2. Trajektorie treningowe dla poszczegdlnych przegubdéw robota PUMA 560
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Fig. 3.
Rys. 3.
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Testing trajectories for each joint of the robot PUMA 560
Trajektorie testowe dla poszczegdlnych przegubow robota PUMA 560

Fig. 4.

Rys. 4.
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Errors of robot PUMA 560 position estimation without regularization
for training trajectories

Bledy estymaty pozycji robota PUMA 560 dla trajektorii treningowych
bez regularyzacji
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Fig. 5.

Rys. 5.
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Errors of robot PUMA 560 position estimation without regularization
for testing trajectories

Bledy estymaty pozycji robota PUMA 560 dla trajektorii testowych
bez regularyzacji
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Quality indices (21) - (22) calculated for each joint of the robot
are given in Table 1. Errors in each joint for training and testing
trajectories are presented in Fig. 4-5.

Tab. 1. Average and maximum errors for training and testing trajectories without
the regularization of the estimated inertia matrix of PUMA 560 robot

Tab. 1. Srednie i maksymalne bledy dla trajektorii treningowych i testowych bez
regularyzacji estymowanej macierzy inercji robota PUMA 560

Error | Joint 1 ‘ Joint 2 ‘ Joint 3 | Joint 4 ‘ Joint 5 ‘ Joint 6

Training trajectory

eqyi [deg] 0.085 0.008 0.038 0.056 0.009 0.030

emax; [deg] 381 11 143 184 19 91

Testing trajectory

eqyi [deg] 0.052 0.026 0.042 0.055 0.013 0.048

emaxi [deg] 544 266 261 554 98 431

Results presented in Table 1 and in Fig. 4-5 show that the
PUMA 560 position estimation was very inaccurate because
maximum errors (22) were very high.

Then, we have used the proposed method with Tikhonov
regularization in order to improve accuracy of the robot position
estimation.

First, in every step there was calculated the condition number
(10) of the matrix M, (k). For the model without the

regularization obtained values are presented in Fig. 6. It is easy to
see that in many cases the condition number was very big and the
identified matrix was ill-conditioned.

5 traning set

L T
2000 4000 6000 8000 10000 12000 14000 16000 18000 20000
k

s testing set

2000 4000 6000 8000 10000 12000 14000 16000 18000 20000
3

Fig. 6. The condition number of the estimated matrix for the training set and
the testing set

Rys. 6. Liczba warunkowa macierzy estymowanej dla danych testowych
i treningowych

Since the estimated inertia matrix was frequently ill-conditioned
the presented estimation method was used. Therefore, robot
positions estimates based on the obtained neural model were
calculated with the regularization according to (15). Quality
indices (21)-(22) obtained after the regularization with different
values of the scaling factor a are given in Tables 2-4, values of the
scaling factor were chosen arbitrarily equal to 1, 10 and 100.
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Tab. 2. Average and maximum errors for training and testing trajectories with
the regularization of the estimated inertia matrix and scaling factor a=1
for PUMA 560 robot
Tab. 2. Srednie i maksymalne btedy dla trajektorii treningowych i testowych
z regularyzacja estymowanej macierzy inercji i wspdtczynnikiem
skalowania ¢ =1 robota PUMA 560
Error ‘ Joint 1 ‘ Joint 2 ‘ Joint 3 ‘ Joint 4 ‘ Joint 5 ‘ Joint 6
Training trajectory
eqyi [deg] 0.0021 0.0011 0.0012 | 0.0013 0.0011 0.0013
emaxi [deg] 0.0177 0.0218 0.0109 | 0.0134 | 0.0159 | 0.0110
Testing trajectory
eqy; [deg] 0.0010 | 0.0012 0.0013 | 0.0014 | 0.0010 | 0.0019
emaxi [deg] 0.0094 | 0.0105 0.0166 | 0.0152 | 0.0104 | 0.0156
Tab. 3. Average and maximum errors for training and testing trajectories with
the regularization of the estimated inertia matrix and scaling factor a=10
for PUMA 560 robot
Tab. 3. Srednie i maksymalne bledy dla trajektorii treningowych i testowych
z regularyzacja estymowanej macierzy inercji i wspdtczynnikiem
skalowania ¢ =10 robota PUMA 560
Error ‘ Joint 1 ‘ Joint 2 ‘ Joint 3 ‘ Joint 4 ‘ Joint 5 ‘ Joint 6
Training trajectory
eqvi [deg] 0.0021 0.0010 | 0.0012 | 0.0012 | 0.0011 0.0013
emaxi [deg] 0.0112 | 0.0195 0.0084 | 0.0123 0.0085 0.0106
Testing trajectory
€qy; [deg] 0.0009 | 0.0011 0.0013 0.0014 | 0.0010 | 0.0019
emaxi [deg] 0.0076 | 0.0087 | 0.0106 | 0.0111 0.0083 0.0149
Tab. 4. Average and maximum errors for training and testing trajectories with

the regularization of the estimated inertia matrix and scaling factor a=100
for PUMA 560 robot

Tab. 4. Srednie i maksymalne bledy dla trajektorii treningowych i testowych
z regularyzacja estymowanej macierzy inercji i wspdtczynnikiem
skalowania ¢z =100 robota PUMA 560
Error ‘ Joint 1 ‘ Joint 2 ‘ Joint 3 ‘ Joint 4 ‘ Joint 5 ‘ Joint 6
Training trajectory
€qy; [deg] 0.0023 0.0008 | 0.0010 | 0.0010 | 0.0009 | 0.0011
emax; [deg] 0.0061 0.0096 | 0.0067 | 0.0093 0.0058 | 0.0081
Testing trajectory
€qy; [deg] 0.0007 | 0.0009 | 0.0010 | 0.0011 0.0009 | 0.0017
emax; [deg] 0.0040 | 0.0057 | 0.0056 | 0.0072 | 0.0047 | 0.0102

Results presented in Tables 1 — 4 show that the accuracy of the
position estimation increased significantly after the regularization.
For training trajectories, depending on the joint number and the
scaling factor, average errors decreased from ~7 to ~55 times and
maximum errors decreased from ~500 to ~62 500 times. For
testing trajectories, depending on the joint number and the scaling
factor, average errors decreased from ~13 to ~55 times and
maximum errors decreased from ~9 500 to ~136 500 times. One
can see (Tables 2 — 4) that for the position estimation with the
regularization average errors increase and maximum errors
decrease if the scaling factor increase.

Fig. 7.

Rys. 7.
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Errors of robot PUMA 560 position estimation with regularization

for training trajectories with scaling factor a=100

Btedy estymaty pozycji robota PUMA 560 dla trajektorii treningowych
z regularyzacja i ze wspolczynnikiem skalowania a=100
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In Fig. 7-8 there are presented errors in each joint along training
and testing trajectories where scaling factor « =100.

6. Concluding remarks

I A ll | The method of the position estimation of robot manipulator
oo LA i 1 based on the inverse neural model improvement was presented.
The proposed technique applies the Tikhonov regularization for
| ‘ | calculation of the inverse of estimated inertia matrix. Obtained
O 000 4000 S0 8007 LA000 100 140007 TEMND oo 20000 results of the 6 degree of freedom robot PUMA 560 show that the
proposed method significantly improves the accuracy the position
| | estimation with presented neural networks.
| However, there are certain problems that should be solved in
| | the future. For instance further research should be done to find
| a proper methodology to choose the scaling factor which in
0009 i : ; presented simulations was chosen arbitrarily.

e2|deg]
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Rys. 8. Bledy estymaty pozycji robota PUMA 560 dla trajektorii testowych
z regularyzacja i ze wspétczynnikiem skalowania a=100



