








Fig. 3.5: A new particle filter scheme by improved initialization phase and improved
weighting process

3.5.2 Experiments for Testing Proposed PF scheme

In this experiment, all the algorithms use the same fingerprints database and the

same PDR data. Fig.3.6 shows the pedestrian trajectory estimated by original finger-

printing method. Consecutive estimations are connected by red lines. It can be seen

that the results suffer from inconsistent observations and estimations. In some cases,

the continuous estimations are distant from each other due to the missing value, noisy

data or the similarity of the fingerprints. Fig.3.7 demonstrates the trajectory from

original PDR. In this figure, each red dot represents one step. This approach performs

well during first three hallways and then accumulates large errors. Fig.3.8 shows the

trajectory of proposed method, which combines the information from fingerprinting

and PDR. It is shown that the algorithm fixes the noisy fingerprinting data and PDR

data and improves the final performance.

Proposed PF scheme leverages SLFNs for probability distribution model construc-

tion (Fig.3.5). This surface is employed to perform particles weighting phase. Each

particle is able to acquire a probability based on its location. Those particles with
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higher probability are more likely to be saved after resampling phase.

Table 3.2: Error distance of different methods

Average error distance Maximum error distance

SVM [14] 3.2 (m) 9.3 (m)
Probabilistic algorithm
[21]

3.4 (m) 11.2 (m)

PDR with probabilistic
algorithm

2.2 (m) 4.1 (m)

Proposed method with
SVM

1.2 (m) 2.9 (m)

Proposed method with
probabilistic algorithm

1.3 (m) 3 (m)

As Table 3.2 shows, the average error distances of proposed method with SVM

and probabilistic algorithm are 1.2 (m) and 1.3 (m) respectively. This value is about

1 (m) lower than the value of PDR with SVM. It also shows great improvements

on the maximum error distance. As given in Fig.3.6, at some points the fingerprint-

ing algorithm provides distant estimations, which results in a high maximum error

distance. This phenomenon can not be seen from the trajectory of proposed method.

3.6 Conclusion

In this paper, a new particle filter with a hardware-free initialization phase is pre-

sented to improve the accuracy of indoor location positioning using received signal

strength. The hardware-free initialization is implemented by RANSAC algorithm.

This algorithm filters out outliers from the fingerprinting estimations by a constructed

PDR model. Inliers are remained to acquire the initial point and the current location.

The PF is initializing based on the current location. This initialization phase achieves

1.1 (m) average error distance in the experimental demonstration. For enhancing the

fusion of fingerprinting and PDR, we proposed a SFLNs based model fitting algo-

rithm. The algorithm takes advantage of the probabilities of all the reference points

from fingerprinting method. The algorithm fits a SFLNs model to the probabili-
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Fig. 3.6: Trajectory of fingerprinting method
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Fig. 3.7: Trajectory of PDR
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Fig. 3.8: Trajectories of proposed method

ties and constructs a probability surface over the interested area. The particles are

weighted by this continuous surface to reduce the error. This approach makes sure

that the particles would not suffer from the similar fingerprints issue. The experi-

mental results show about 1.2 (m) average error distance in compare to 2.2 (m) in

comparative methods.
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4 Conclusion and Future Work

4.1 Conclusion

A fast and efficient OISVM scheme integrated with a new parameter selection phase

and a novel under-sampling method is proposed in this thesis. To reduce the compu-

tational complexity compared to traditional SVMs, borderline samples were removed

and the kernel parameter was optimized. Training complexity and testing complexity

were reduced with an improvement on accuracy. Multiple experiments have been

performed. Simulation results and experimental results indicate that the proposed

solution with on-line learning ability reduces the error distance by 0.8m. Meanwhile,

the prediction time is lowered by more than 5 fold as compared to existing methods.

The time consumption of training phase and testing phase is reduced by 10 to 50

times as compared to traditional SVMs.

To enhance the performance of fingerprinting algorithms, the thesis discussed a

novel solution to fuse the IMU data with fingerprinting estimations. A new parti-

cle filter scheme with a hardware-free initialization phase and improved weighting

phase to fuse the fingerprinting estimations and the PDR data is proposed. The

hardware-free initialization takes advantage of RANSAC algorithm, which filters out

outliers from the fingerprinting estimations by a constructed Gaussian PDR model.

Inliers are remained to acquire the initial point and the current location. With the

estimated start location, the PF is initialized faster than traditional global initializa-

tion. The weighting phase of proposed PF scheme make use of SFLNs interpolation,

which normalizes the probability of fingerprinting estimations to a probabilistic sur-

face. The particles are wighted by this probabilistic surface. Experimental results

show proposed initialization algorithm reduces the error distance by 1.6 (m). The

performance of the proposed particle filter scheme shows 1 (m) accuracy improve-

ment and also a stabilized estimation performance. The original contribution of this
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work are as follows:

• On-line independent support vector machine has been introduced in this work

for indoor positioning. This method enables the system to have a higher clas-

sification accuracy and on-line learning ability.

• A γ selection algorithm has been used in this work for reducing the training

time of support vector machine. Inter-cluster distance required by this method

is also utilized in the following under-sampling algorithms.

• An under-sampling scheme including Kernelized Cluster Sifting (KCS), Distance-

based Under-Sampling (D-US) and Tomek-link Deleting (TLD) has been intro-

duced. These under-sampling techniques dealt with unbalanced data problem

and also reduced the prediction time and model size.

• A RANSAC based fingerprinting initialization algorithm has been proposed.

With this method, the initialization accuracy is improved so that particle filter

has a faster convergence speed.

• This work presents a new particle filter with a Single-hidden Layer Feedforward

Networks (SLFNs) interpolation based weighting process, which handles the

unique fingerprints assumption required by fingerprinting algorithms.

4.2 Future Work

Proposed method improves the fingerprinting method and particle filter accuracy,

training time, prediction time, model size and robustness. However, to further re-

duce the fingerprints collection time, an accurate crowdsourcing technique is required.

Also, data from inertial measurement unit requires to be processed to reduce the noise.

Specifically, an accurate PDR algorithm can be used both for accurate crowdsourcing
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and for accurate particle filter scheme. PDR algorithm can be improved from different

aspects such as an accurate step sensor or a precise heading estimation algorithm.

Reducing the complexity of the particle filter is also an important requirement.

A lightweight particle filter scheme enables the system to be deployed on portable

devices easily.
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Appendix A Selected Code

%−−−−−−−−−−−OISVM−based p o s i t i o n i n g system−−−−−−−−−−

function [ C l a s s In t e rD i s ]= MyClassInterDist (GAMMA,X,Y)

%Compute the average inner d i s t a n c e o f c l a s s data X

%Input : GAMMA: RBF k e r n e l parameter

%Input : X: p o s i t i v e c l a s s

%Input : Y: n e g a t i v e c l a s s

%Output : C l a s s I n t e r D i s : i n t e r c l u s t e r d i s t a n c e

mX=s ize (X, 1 ) ;

mY=s ize (Y, 1 ) ;

TempKernelX=zeros (mX, 1 ) ;

TempKernelXY=zeros (mY, 1 ) ;

for i =1:mX

TempKernelX ( i )=sum(exp(−1∗GAMMA∗sum( bsxfun (@minus ,X,X

( i , : ) ) . ˆ 2 , 2 ) ) ) ;

TempKernelXY( i )=sum(exp(−1∗GAMMA∗sum( bsxfun (@minus ,Y,

X( i , : ) ) . ˆ 2 , 2 ) ) ) ;

end

KernelTotalX=sum( TempKernelX) ;

TempKernelY=zeros (mY, 1 ) ;

for i =1:mY

TempKernelY ( i )=sum(exp(−1∗GAMMA∗sum( bsxfun (@minus ,Y,Y

( i , : ) ) . ˆ 2 , 2 ) ) ) ;

end

KernelTotalY=sum( TempKernelY) ;

KernelTotalXY=sum(TempKernelXY) ;
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Cla s s In t e rD i s=sqrt ( KernelTotalX /(mXˆ2)+(KernelTotalY

/(mYˆ2) )−(2∗KernelTotalXY /(mX∗mY) ) ) ;

%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function [OptiGAMMA, IndexOptGAMMA] =

MyGammaOptimization ( TrainingData , l a b e l s , range )

%Gamma s e l e c t i o n a l gor i thm

%Input : TrainingData : t r a i n i n g RSSI matrix

%Input : l a b e l s : l a b e l s o f t r a i n i n g v a l u e

%Input : range : GAMMA s e a r c h i n g range ; D e f a u l t range

range =−7:1:7

%Output : OptiGAMMA: opt imal GAMMA v a l u e

PosLabels = unique ( l a b e l s ) ;

Subdata = [ ] ;

for i =1: length ( PosLabels )

Index=find ( l a b e l s==PosLabels ( i ) ) ;

Subdata{ i }=[ Index TrainingData ( Index , : ) ones ( s ize (

Index , 1 ) ,1 ) ∗PosLabels ( i ) ] ;

end

GAMMA=2.ˆ range ;

for K=1: length (GAMMA)

Dis tC la s s = [ ] ;

for i =1: length ( Subdata )

for j=i : length ( Subdata )

Di s tC la s s ( i , j )=MyClassInterDist (GAMMA(K) , Subdata{ i

} ( : , 2 : ( end−1) ) , Subdata{ j } ( : , 2 : ( end−1) ) ) ;

end

end
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CombinedClass=t r i l ( DistClass ’ )+triu ( DistClass ,−1) ;%

make lower t r i a n g u l a r matrix i n t o a d i a g o n a l

matrix

DistMatrix{K}=CombinedClass ;% d i s t a n c e matrix under

parameter GAMMA(K) ; In each c e l l o f Dis tMatr ix the

component ( i , j ) i s d i s t a n c e s from c l a s s i to c l a s s

j .

end ;

%Compute the modi f ied es t imated de l ta4F f o r each

p o s i t i o n ( c l a s s ) wi th d i f f e r e n t GAMMA

%del ta4F i s the i n d i c a t o r o f the d i s t a n c e between

p o s i t i v e samples and n e g a t i v e samples ( check the

paper )

for K=1: length (GAMMA)

for i =1: length ( Subdata )

[AA, Index ]= sort ( DistMatr ix{K}( i , : ) ) ;

C l a s s In t e rD i s (K, i )=DistMatrix{K}( i , Index (2 ) ) ;

end

end

for i =1: s ize ( C la s s In te rDi s , 2 )

[ Va lueInterDis IndexMax]=max( C l a s s In t e rD i s ( : , i ) ) ;

OptiGAMMA( i )=GAMMA( IndexMax ) ;% g e t opt imal GAMMA f o r

the maximum mean d i s t a n c e between the p o s i t i v e

c l a s s and i t s nease t n e g a t i v e c l a s s in f e a t u r e

space . ( decrease the c a l c u l a t i o n comp lex i t y )

IndexOptGAMMA( i )=IndexMax ;%and es t imated de l ta4F

end
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end

%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function IDX=MyFeatureNeighbor (X,Y,GAMMA)

%f i n d the n e a r e s t ne ighbor o f each Y row in X, IDX i s

the index o f the ne ighbor in X, and v e c t o r s i s

corresponding v e c t o r s f o r Tomek Link

%Input : X: a l l i n s t a n c e s in p o s i t i v e ( n e g a t i v e ) c l a s s

%Input : Y: i n s t a n c e in n e g a t i v e ( p o s i t i v e ) c l a s s

%Input : GAMMA: RBF k e r n e l parameter

%Output : I D X index o f n e a r e s t ne ighbor

[mx, nx]= s ize (X) ;

[my, ny]= s ize (Y) ;

i f ( nx˜=ny )

error ( ’The column s i z e o f X and Y need to be the

same ’ ) ;

end

Dist=zeros (my,mx) ;

for i =1:my

Dist ( i , : )=sqrt (2−2.∗(exp(−1∗GAMMA∗sum( bsxfun (@minus ,X

,Y( i , : ) ) . ˆ 2 , 2 ) ) ) ) ;

[M,INDEX]= sort ( Dist ( i , : ) ) ;

vec to r ( i , : )=X(INDEX(2) , : ) ; IDX( i )=INDEX(2) ; Distance ( i )

=M(2) ;

end

end

%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function trainingDataTLD=MyTomekLinkDeleting (
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tra in ingData , t ra in ingDataPos i t i v e ,GAMMA)

%Dele te Tomek Link f o r each one v e r s u s a l l c l a s s i f i e r

%Input : t ra in ingData : the RSSI t r a i n i n i g data matrix

%Input : t r a i n i n g D a t a P o s i t i v e : p o s i t i v e c l a s s

%Input : GAMMA: RBF k e r n e l parameter

%Output : trainingDataTLD : t r a i n i n g d a t a a f t e r d e l e t e d

Tomek Links

IDX1=MyFeatureNeighbor ( tra in ingData ’ ,

t r a in ingDataPos i t i v e ,GAMMA) ;

trainingDataT=tra in ingData ’ ;

TomekLinkNegativeClass = [ ] ;

for i =1: length (IDX1)

i f ( y t r (IDX1( i ) )==−1)

IDX2=MyFeatureNeighbor ( trainingDataT , trainingDataT (

IDX1( i ) , : ) ,GAMMA) ;

i f ( vec tor2==tra in ingDataPos i t i v e ( i , : ) )

TomekLinkNegativeClass=[TomekLinkNegativeClass ;

trainingDataT (IDX1( i ) , : ) IDX1( i ) ] ;

end

end

end

trainingDataTemp = [ ] ;

iNumber=1;

i f isempty ( TomekLinkNegativeClass )

trainingDataTemp=tra in ingData ;

else

for i =1: s ize ( tra in ingData , 2 )
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i f ˜isempty ( find ( TomekLinkNegativeClass ( : , end) ) ) ;

trainingDataTemp ( : , iNumber )=tra in ingData ( : , i ) ;

iNumber=iNumber+1;

end

end

end

trainingDataTLD=trainingDataTemp ;

end

%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function negativeClassKCS=MyKCS(ALPHA, DistMatrix )

%Kerne l i z ed c l u s t e r s i f t i n g

%Input : ALPHA: parameter f o r determining the d i s t a n t

c l a s s e s ; D e f a u l t ALPHA=3 %Input : Dis tMatr ix :

d i s t a n c e matrix

%Output : negativeClassKCS : n e g a t i v e c l a s s a f t e r

performing KCS

[ sortedData , Index ]= sort ( DistMatr ix ( j , : ) ) ;%f i n d the

n e a r e s t c l a s s

Xtemp = [ ] ;

NearestDis tance=DistMatrix ( j , Index (2 ) ) ;

for i =2: length ( Index )

i f ( DistMatr ix ( j , Index ( i ) )<=(ALPHA∗NearestDis tance ) )

Xtemp=[Xtemp ; Subdata{ Index ( i ) } ( : , 2 : ( end−1) ) ] ;

end

end

negativeClassKCS=Xtemp ’ ;

end
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%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function modelOISVM=MyOISVMTraining (GAMMA,C,

tra in ingData , l a b e l )

%t r a i n one c l a s s o f OISVM model

%Input : GAMMA: k e r n e l parameter o f RBF k e r n e l

%Input : C: p e n a l t y c o e f f i c i e n t

%Input : t ra in ingData : a l l t he t r a i n i n i g D a t a

%Input : l a b e l : a l l t he l a b e l s o f t ra in ingData

%Output : modelOISVM : t r a i n e d OISVM model

hp . type = ’ rb f ’ ; % Gaussian k e r n e l : exp(−gamma | x i−

x j |ˆ 2 )

%hp .gamma = OptiGama( j ) ; % parameter o f Gaussian

k e r n e l

hp .gamma = GAMMA;

%I n i z i a l i z e an empty model f o r t r a i n i n g

model bak = mod e l i n i t ( @compute kernel , hp ) ;

model bak . eta = 0 . 1 ;% parameter ’ eta ’ o f the OISVM,

range [ 0 , 1 ] , b e s t f o r [ 0 . 0 1 , 0 . 1 ] ;

fpr intf ( ’ Tra in ing OISVM..%\n ’ , j ) ;

modelOISVM = k o i svm tra in ( tra in ingData , l abe l ,

model bak ) ;% t r a i n i n g OISVM

fpr intf ( ’Done !\n ’ ) ;

fpr intf ( ’Number o f support v e c t o r s l a s t s o l u t i o n :%d\n

’ , numel (modelOISVM . beta ) ) ;

end

%−−−−−−−−−−−−−−−−−P a r t i c l e F i l t e r−−−−−−−−−−−

c l a s s d e f pede s t r i an
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%P a r t i c l e F i l t e r Class

%P a r t i c l e F i l t e r p r o p e r t i e s and methods

%p r o p e r t i e s :

x=0;

y=0;

o r i e n t a t i o n =0;

forwardNoise =0;

turnNoise =0;

s enseNo i s e =0;

end

%methods :

function obj=pede s t r i an ( i n i t x , i n i t y ,

i n i t o r i e n t a t i o n )

i f ( nargin>0)

obj . x=i n i t x ;

obj . y=i n i t y ;

obj . o r i e n t a t i o n=i n i t o r i e n t a t i o n ;

obj . forwardNoise =0;

obj . turnNoise =0;

obj . s enseNo i se =0;

end

end

function obj=Set ( obj , newX, newY, newOrientat ion )

obj . x=newX ;

obj . y=newY ;
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obj . o r i e n t a t i o n=newOrientat ion ;

end

function obj=SetNoise ( obj , newFnoise , newTnoise ,

newSnoise )

obj . forwardNoise=newFnoise ;

obj . turnNoise=newTnoise ;

obj . s enseNo i se=newSnoise ;

end

function obj= Move( obj , turn , forward )

i f ( forward<0)

d i sp l ay ( ’ Error , forward cannot be l e s s than 0 ’ ) ;

end

o r i e n t a t i o n L o c a l=obj . o r i e n t a t i o n +(turn )+normrnd (0 , obj

. turnNoise ) ;

o r i e n t a t i o n L o c a l=mod( o r i en ta t i onLoca l , 2∗ pi ) ;

d i s t =(forward )+normrnd (0 , obj . forwardNoise )∗ forward ;

deltaX=sin ( o r i e n t a t i o n L o c a l )∗ d i s t ;

deltaY=cos ( o r i e n t a t i o n L o c a l )∗ d i s t ;

X=obj . x+deltaX ;

Y=obj . y+deltaY ;

obj=obj . Set (X,Y, o r i e n t a t i o n L o c a l ) ;

obj=obj . SetNoise ( obj . forwardNoise , obj . turnNoise , obj .

s enseNo i s e ) ;

end

end

72



end

%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function f i n a l P a r t i c l e s = p a r t i c l e F i l t e r (

c u r r e n t P a r t i c l e s , turnAngle , d i s tance , net )

%Main f u n c t i o n f o r running p a r t i c l e f i l t e r

%Input : c u r r e n t P a r t i c l e s : p a r t i c l e o b j e c t v e c t o r

%Input : turnAngleVector : gyroscope read ing

%Input : d i s t a nc e Ve c to r : pedometor read ing

%Input : net : neura l network o b j e c t , c r e a t e d by

p r o b a b i l i t i e s i n t e r p o l a t i o n

%Output : f i n a l P a r t i c l e s : resampled p a r t i c l e s

movedPart ic les = c u r r e n t P a r t i c l e s ;

f i n a l P a r t i c l e s = c u r r e n t P a r t i c l e s ;

n P a r t i c l e s = length ( c u r r e n t P a r t i c l e s ) ;

weightVector = zeros (1 , n P a r t i c l e s ) ;

for i =1: n P a r t i c l e s%t o t a l poses−1

movedPart ic les ( i ) = c u r r e n t P a r t i c l e s ( i ) . Move(

turnAngle , d i s t anc e ) ;

weightVector ( i ) = sim ( net , [ movedPart ic les ( i ) . x

movedPart ic les ( i ) . y ] ) ;

end

tota lWeight = sum( weightVector ) ;

weightVector = weightVector / tota lWeight ;

maxWeight = max( weightVector ) ;

%Resampling

beta=0;

index=randi ( nPar t i c l e s −1) ;
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for i =1: n P a r t i c l e s

beta = beta + rand (1 ) ∗2∗maxWeight ;

while (beta>weightVector ( index ) )

beta=beta−weightVector ( index ) ;

index=index +1;

i f ( index == n P a r t i c l e s )

index = 1 ;

end

end

f i n a l P a r t i c l e s ( i )=movedPart ic les ( index ) ;

end

%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function net=s l f n I n t e r p o l a t i o n ( hiddenLayerSize ,

coord inatesVecotor , p robab i l i t yVec to r )

%f u n c t i o n f o r SLFNs based i n t e r p o l a t i o n

%Input : h iddenLayerSize : s i z e o f hidden layer ,

d e f a u l t : 1 5 ;

%Input : coord ina tesVeco tor : c o o r d i n a t e s o f r e f e r e n c e

p o i n t s on the map , dimension [N∗ 2 ] ;

%Input : p r o b a b i l i t y V e c t o r : p r o b a b i l i t i e s o f every

r e f e r e n c e p o i n t

%Output : net : the f i t t e d p r o b a b i l i s t i c model

net=f i t n e t ( h iddenLayerSize ) ;

net . divideParam . t ra inRat i o = 100/100;

net . divideParam . va lRat io = 15/100;

net . divideParam . t e s tRat i o = 15/100;

[ net , t r ]= t r a i n ( net , coord inatesVecotor ’ ,
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probab i l i tyVec to r ’ ) ;

%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−

function [ i n l i e r s , model ] = RANSAC( est imat ionVector ,

pdrModel , maxIterat ion , minPoints ,

modelToleranceFactor , e r ro rTo l e ranceFacto r )

%RANSAC−based i n i t i a l i z a t i o n a l gor i thm

%Input : e s t imat ionVec tor : f i n g e r p r i n t i n g e s t i m a t i o n s

%Input : pdrModel : gauss ian pdr model , e s t imated by

%pdrModel = f i t ( i n i t S t e p s X , i n i t S t e p s Y , ’ gauss3 ’ ) ;

gauss3 can be changed to

%any gauss model

%Input : maxI tera t ion : maxmum i t e r a t i o n o f curren t

a l gor i thm

%Input : minPoints : minimum i n i t i a l p o i n t s

%Input : modelToleranceFactor : t h r e s h o l d f o r j u d g i n g

the i n l i e r s

%Input : errorTo leranceFactor : t h r e s h o l d f o r j u d g i n g

the model

%Output : i n l i e r s : a l l the i n l i e r s

%Output : model : the i n i t i a l i z a t i o n model

for i =1: maxIterat ion

rnd = randperm( length ( e s t imat ionVector ) ) ;

rndEst imationVector = [ ] ;

n I n l i e r s =0;

i n l i e r s = [ ] ;

for j =1: minPoints

rndEst imationVector =[ rndEst imationVector ;
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es t imat ionVector ( rnd ( j ) , : ) ] ;

end

syms x ;

minDistance =0;

minIndex=1;

ftemp=pdrModel ;

for l c =1: length ( rndEst imationVector )

ftemp . b1=ftemp . b1+rndEst imationVector ( l c , 1 ) ;

ftemp . b2=ftemp . b2+rndEst imationVector ( l c , 1 ) ;

ftemp . b3=ftemp . b3+rndEst imationVector ( l c , 1 ) ;

ytemp = ftemp . a1∗exp(−((x−ftemp . b1 ) / ftemp . c1 ) ˆ2) +

ftemp . a2∗exp(−((x−ftemp . b2 ) / ftemp . c2 ) ˆ2) + ftemp .

a3∗exp(−((x−ftemp . b3 ) / ftemp . c3 ) ˆ2)+

rndEst imationVector ( l c , 2 ) ;

d i s tanceVector=d i s tanceCa l c ( ytemp , rndEst imationVector

) ;

sumDistance=sum( d i s tanceVector ) ;

i f ( l c ==1)

minDistance=sumDistance ;

e l s e i f ( sumDistance<minDistance )

minDistance=sumDistance ;

minIndex=l c ;

end

end

ftemp . b1=ftemp . b1+rndEst imationVector ( minIndex , 1 ) ;

ftemp . b2=ftemp . b2+rndEst imationVector ( minIndex , 1 ) ;

ftemp . b3=ftemp . b3+rndEst imationVector ( minIndex , 1 ) ;

76



ytemp = ftemp . a1∗exp(−((x−ftemp . b1 ) / ftemp . c1 ) ˆ2) +

ftemp . a2∗exp(−((x−ftemp . b2 ) / ftemp . c2 ) ˆ2) + ftemp .

a3∗exp(−((x−ftemp . b3 ) / ftemp . c3 ) ˆ2)+

rndEst imationVector ( l c , 2 ) ;

for l c =1: length ( e s t imat ionVector )

d i s t ance=d i s tanceCa l c ( ytemp , es t imat ionVector ( l c , : ) ) ;

i f di s tance<modelToleranceFactor

n I n l i e r s=n I n l i e r s +1;

i n l i e r s =[ i n l i e r s , e s t imat ionVector ( l c , : ) ] ;

end

end

i f n I n l i e r s>e r ro rTo l e ranceFacto r

model=ftemp ;

break ;

end

end
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