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Abstract: An algorithm is proposed to separate
different linear part from each other. It can be
used in the linear dynamic systems with small
non-linear features such as dead zone and
saturation, which is very popular in DC motor
systems and vector converter controlled AC
motor systems. With the proposed algorithm,
the working linear part can be modelled without
the influence of the nonlinear features.
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1. Introduction

As an easy and useful tool in data analysis and
data mining, linear regression occupies an
important position in data analysis. This paper
shows a research result on multi-segmental
linear regression by using boosting method.

Motor systems, both of DC and AC motors,
have a very important position in the industry
field. Due to its linear feature, DC motors have
been used a lot in high accurate speed control
systems. In this kind of systems, precisely
modelling the motor system becomes a key
technique, which can determine the
performance of the whole system. The
development of the microprocessor technique
and power electronic technique make the
availability of the vector converter. Based on
the converter, the combined system of vector
controller and AC motor becomes a linear
system. So modelling linear system precisely is
still a useful technique.

As an important boosting algorithm, AdaBoost
has obtained lot of attention in these days. Not
only this algorithm can be used in combining
thumb rules into a better one, but also it can be
used in many different areas as shown in [1]. In
system modelling, by given different samples
different weights, the boosting algorithm can
adjust the regression line goes through the
middle of the data.

In this paper, reversed AdaBoost algorithm is
used in multi-segmentation linear system

modelling. While normal AdaBoost algorithm
give the data points near to the current
regression line less weight, far points more
weight, the reverse algorithm give near more
weight and far less and by this the regression
line can be controlled to go through only one
part of the multi-segmented system.

The whole paper is consisted of five parts. In
section 2 the basic algorithm of the methods is
shown; while in section 3 the result is given and
the section 4 give some improvement methods
for the algorithm. A conclusion is given in
section 5.

2. Description of boosting linear
regression

2.1 The basic principle of boosting

Boosting is a method that can be used to
combine a number of available rules into one
single rule. One of the popular boosting
algorithms is AdaBoost[1], which can be
described in pseudo-code as follows

Input:
A sequence of N labelled examples
< (Xgy Vi) (X Yo ) >
Distribution D over the N examples.
Weak learning algorithm
Weaklearn[1]
Integer T specifying number of
iterations
Initialise:
The weight vector W, = D(i) for
i=1...,N
Dofort=1,...,T
Set
=t
W
1. N
W;

i=1
2. Call Weaklearn, and provide it
with the distribution P'; get back

a hypothesis h, : X —[0,1].
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3. Calculate the error of

h :é& :ZL pit|ht(xi)_yi|

&
4. Set B, =—"
1-¢
5. Set the new weight vector to be
Wit+1 _ Wit tl—\ht(X.)—yi\ (1)

The AdaBoost algorithm above is used to boost
the performance of weak learning algorithms.
The advantage of this method is that the
accuracy of the final hypothesis produced
depends on the accuracy of all the hypotheses
returned by WeakLearn[1] and so is able to
fully exploit the power of the weak learning
algorithm. The goal of the algorithm is to find a
final hypothesis with low error relative to a
given distribution D over the training examples.
Initially this D is appointed as D(i) =1/N .
The algorithm maintains a set of weights
w' over the training examples. On iteration t a

distribution ptis computed by normalising

these weights. This distribution is fed to the
weak learner WeakLearn which generates a

hypothesis ht that has small error with respect
to the distribution. Using the new hypothesis
ht, the boosting algorithm generates the next

weight vector w', and process repeats.

In above algorithm, the weight related to the big
loss example will increase while the low loss
example will decrease.

By using the above in an approximation
problem, the above algorithm can force the
approximation function to go through the
middle of the training data [1].

2.2 The algorithm of linear
regression with boosting

In linear system, the system input and output
relationship can be represented by

f(x)=a'Xx+b (2
Where g:(al,az,---,an)T,

X = (Xl,xz,---,xn)T.To do the linear

regression by using least square method as
follows

E=Y(1(x)-y)’ ®

Where ()ﬁ(i , yi),i =1,---, N is the training
data.

The following formula can be obtained
N . . N . - N .
2y |23 x| 2Ry
(bj — |:1N | i=1 |:1N
Z (x') 1 z Yi
i=1 i=1
(4)

However, many linear systems especially linear
control system aren’t ideal linear. Normally
there are three linear parts in the system; they
are working part, saturation part and head zero.
To represent the whole system feature, all the
three parts needs to be modelled which needed
three linear sub-systems.

Linear regression method shown above can’t
give a satisfied answer to the above question.
By using boosting algorithm shown in 2.1, a
good result can be obtained.

First, the cost function (3) is modified as

E= 0/ (f(x)-y)' =2 5'[@X +b)—y'T
(5)
N
Where &',i =1,---,N with ' &' =1 will

i=1
be determined by the boosting method.

By using
(6)
E o
ob

The following results can be obtained
L g oy X igi

5 iZ;éx(x) iZl:éx

b L N
Y sy Yo
i=1

i=1

Lrn
Zé‘iii%
i-1
N .
Z5IYi
i-1

(7)

2.3 The determination of the weight
by using boosting method

For a set of given training data, which consists
of two or more different linear parts, ordinary
linear regression will give a linear function
representing neither of the linear functions as
shown in Fig.1. Anyway, if the points which are
nearer to the available regression line are given
more weights than the far data, the next straight
line generated by the new weighted training
data will nearer to the first part of the straight
segments in Fig. 1. The weights given to each
data are determined by the modified boosting
algorithm, which is shown below.
e Step 1: Preparation



1
1. Setdp=0=-=08) =—.
N
2. k=0
Step 2: Linear regression
1. Using (7) to calculate the
parameter a,b noted as a,b .
2. Obtain the linear function
y(x)=aX+b

Step 3: Boosting
1. Calculate the distance between
each data and the function

y(x)=ax+b.

That is
dist(i) = [y(x') - §'|,i =1,---,N
2. Normalise the loss

ndist i) = 1St

N

> dist (i)

i=1

3. Use the following formula to
calculate /3,

N i . .
& = oyndist(i)
&
B = _ %k
1-&)
4. Update the weight vector
. sty -
w1 = OBy #0i=1- N (8
5. Normalise the weight vector

Ot = Ok ji=1---,N 9)

N

Z 5Ii+l
i=1

e Step 4. Repeat from Step 2
_rr[11a,3<] O —5,1‘ <&, where ¢ is a
i1,
small value.

e Stop

There are one modifications in the above
algorithm compared to Adaboost. First, In

AdaBoost, weights are updated by
W, =W, B but here  we use
Ll = 5,1 ,B,fdiSt(j) . (in Adaboost,

0 < B, <1) This means that the nearer data

points will get more weight on the next round
and the far data points will get less weight in
the next round.

3 Simulation results

3.1 Simulation results in scalar
system

The training data is generated by

0.2x+w x<20
y(x) =¢0.3x+@w 20<x<40 (10)
0.1x+® x>40

Where @ is Gaussian noise with 0 mean and
0.1 variance. Fig.1 shows the result obtained by
the ordinary linear regression. The regression
line can’t represent the real data well. Fig.2 is
the result by using the modified boosting
algorithm and the regression line can be used to
represent the first part of the training data.

Fig.1. The regression result obtained by ordinary linear regression



output

linear regression normal noise with 0.1 variance

input

Fig.2. The regression result obtained by boosting linear regression

-50

-100

-150

] 20 40 B0

400

200

output

-50

-100

-150 .
0 20 100

input

Fig.3. The regression result obtained by boosting linear regression

3.2 Simulation results in vector
system

A three dimensional linear system training data
is generated by

10+0.5x, +1.2x, + @

(X, X,) = X, <40, x,<80
Y Xa) = 10+1.5%, +2.2X, + @
X, >40, x, >80

(11)

@ is the same noise as above.

The simulation result is shown in Fig. 3, in
which the left-up figure generated by the
function (11), right-up is the regression result to
the first part of the data. And the lower figures

are the error indication from axis X;and

X, respectively.

4. Some further consideration in
the boosting linear regression

4.1 The phenomena of local
focusing

Even if the boosting linear regression is used,
sometimes a satisfied result can’t be produced.
An example can be given by the following
function.

7+02x+w x<20
y(x)=<1+03x+w 20<x<40
4+01x+w Xx>40

(12)



The simulation result in left figure in Fig.4
shows a very bad final regression line. The
reason ca be stated as follows: because of all
the initial value of weights in the modified
AdaBoost is given the same, so the first
regression line is as the same as the result of
ordinary regression; further, because of the
regression line goes through the points belong
to different parts of the segments and the
distances between the regression line and these
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points are small and so the weights of these
points will be strengthened by the boosting
algorithm, and this will fix the regression line
going through these points.

There are two methods to improve this
situation. One of them called label analysis
method is to monitor this situation and to
modify the weights to allow the line go out of
this position. Another method is to given
different initial value of the weight

~o 20 40 &0

Fig.4. A bad regression line example

4.2 Label analysis method

The phenomenon shown in Fig. 4 can be
checked out by analysing the weight
distribution of the label related to the training

data. The label here means Tin (X;,Y;). The

weights related to the data points near to the
regression will have big value, while others will
have small one. If a big gap is found between
the labels of the points with big values, an
decision can be made that the regression line
goes through different straight parts shown in
the left figure in Fig.4. If the above
phenomenon is found, the training data with big
weight will be segmented and the weight of one

0 20 40 B0

of them with the longest length will be
remained and the others will be clear to zero.
The result by using this methods shown in right
of Fig.4 give an positive example of the
algorithm.

4.3 Special Initial value method.

For a special training data, if some pre-
knowledge can be obtained before the system
modelling, different data can be appointed
different weight values. In details, if we know
the segmentation number and a rough position
of each segment part, we can appoint different
initial values to different part as desired.
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Fig.5. Multiple segmentation simulation example



Here its an example, if 50 data points are given
and three line segments is in the training data,
then we can set the initial value three different
times as follows:

First the following weights are being used.

5 - 1/10, i<10
"0, otherwise

After the first boosting regression finished, the
second initial values shown as the following are
being used.

{1/10, 20<i <30
5 =

0, otherwise
And the third of the weights are.
40<i <50

1/10,
5| = -
0, otherwise
The simulation results are shown in Fig. 5.

4.4 Termination condition of the
boosting regression

The linear regression method applied to the
weighted data will be used many times until a
satisfied result is produced. If the maximum
value of the weight, say 0.1 here is produced,
and the above gap between the big weights
hasn’t produced. Then the algorithm will
terminate its current segment linear regression.
Normally, the maximum weight value will be
determine by the number of the training data.

4.5 Numerical calculation of the
solution

many times, the solution calculated by using
function (7) will not get a satisfied answer due
to the limit data length of numerical
computation. In this research, the singular value
decomposition method is used and is stated
below.

For a function given by (13)

Ax=Db (13)
Assume A=UZV " where U, Vis
orthogonal matrix and X = diag(4,) is
diagonal matrix , by using singular value
decomposition, we have UZV "X = b, then

x=V=U'b (14)
When A4, =0, we use 1/4 =0 in his
reverse from.

5 Conclusion

The algorithm shown in this paper can be
implemented by using neural network too. In a
typical multi-linear system, there will be some
slight non-linear feature between the linear
segmentation. By using a linear regression
method to model the linear parts, the linear
parts can be modelling by a very simple neural
network. This will reduce the model complexity
very much.
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