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Advanced Ensemble Learning Strategy Based Semi-supervised Soft Sensing Method

The present disclosure relates to industrial modeling and soft sensing. More particularly, the
present disclosure relates to the advanced ensemble learning strategy based semi-supervised soft
sensing method.

BACKGROUND OF THE DISCLOSURE

Nowadays, with the growing demand of the high-quality chemical/biological products, soft
sensor has become more and more important to obtain reliable and real-time predictions of the key
quality variables in industrial process. However, it is hard to install hardware sensors to measure
those key quality variables, because of the badly circumstance in the industrial environment.

In order to solve the issue that it is hard to measure key quality variables via hardware sensors,
soft sensing technology has been paid more and more attentions. With the wide installation of the
distributed control system (DCS) which is capable to record a large amount of process data in
industrial processes, a variety of data-based soft sensors have been developed. To date, the widely
used soft sensing methods include: principal component regression (PCR), partial least square
(PLS), artificial neural network (ANN), support vector machine (SVM), Gaussian process
regression (GPR), etc.

Nevertheless, the data samples with the output variables are difficult to be acquired, since
analyzing quality variables is time-consuming and involves human resource and expensive
instruments in the laboratory. As a result, we may need to corporate the soft sensor modeling
problem under a very limited number of data samples for both process and quality variables, and a

large amount of data samples for only process variables.

SUMMARY OF THE DISCLOSURE
In order to deal with the unbalanced numbers of the training data, this invention is motivated to
build an ensemble learning based semi-supervised regression model which incorporates both
labeled and unlabeled data samples.
Firstly, in order to improve the diversity performance, not only the Bagging algorithm is
implemented upon both of the labeled and estimated dataset to generate sub-models, but also the
way to match the labeled sub-datasets and estimated sub-datasets is designed to improve the

diversity performance.
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The Dissimilarity (DISSIM) algorithm is employed to measure the dissimilarity index of each
labeled sub-dataset and estimated sub-dataset, and the most dissimilar pair of sub-datasets has been
matched regularly.

Another important issue is how to guarantee the accuracy of the sub-models, which means that
significant estimated data samples should be selected carefully into the next ensemble learning.

Therefore, we define an evaluation index to evaluate the important degree of each estimated
data samples based on the influence that each estimated data sample worked on the labeled dataset.
In this way, the estimated data samples can be selected according to the evaluation index, which
means that the significant estimated data samples with additional information will be selected into
the selected dataset repairing for the next ensemble step.

In summary, the missing quality variables are estimated through the K-nearest neighborhood
method. Then, the important estimated samples are picked out, while the useless samples are
discarded, according to the defined evaluation index. The selected samples and labeled samples are
divided into several sub data sets by the Bagging algorithm. These two kinds of the sub data sets are
combined based on the DISSIM algorithm. Finally, construct sub models for each combined sub
data set to make a prediction for the quarry sample.

This invention is implemented through the following steps:

Step 1: Collect training data set which can be divided as two counterparts: 1) the labeled
training  data set D' ={X'eR""y eR""'}

2) the unlabeled training data

set DY = {XU e R™" y” eR""Xl} R
Then use self-training method to estimate the missing quality variable in the unlabeled training

data set, and denote the estimated and selected data set as DE:{XUeR”’””,yEeR”'“} and
D® ={X* eR"™ y* eR""}, respectively.

where the superscript L, U, £ and §, present the labeled, unlabeled, estimated and selected data

samples, respectively; and {X} and {y} are the input (process) and output (quality) variables,

respectively;, n,, n,, and n, are the number of the labeled, unlabeled, and selected data samples,

respectively; while m is the number of the process variables;
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Step 2: Form the selected dataset D® = {XS eR""y' e R”‘“} according to the labeled training
data set and the unlabeled training data set;

where the superscript S means the selected data samples, and », is the number of the selected
data samples;

Step 3: Employ Bagging algorithm to D" and D°®  respectively, then A labeled
sub-datasets {D,L}i1 and A selected sub-datasets {Df }jl have been obtained; A is the number

of the sub datasets;

Step 4: Match all the sub-datasets, then A matched sub-datasets have been obtained;

Step 5: When a quarry sample comes, predict its quality variable with the matched sub-datasets
via the Gaussian Process Regression (GPR) model;

Optionally, between the step 1 and step 2, said method comprises the step:

Step 1.1: Use Egs. (1) to (3) to calculate the estimated values of the missing output variables to

form the estimated data set; said Eqs. (1) to (3) are termed as self-training algorithm;
S )= 7exp(—”xl -X, H) +(=p)cos <x,.x, > (1)

RS(i.") = descend{S (i)} 2)

K
ZRS(ia')kyzgso,-)k
V=t €))
Y RS(0.),
k=1

where || denotes the Euclidean distance, and y is the parameter for the computing the
similarity, and RS(@.), represents the k-th element in the rearranged similarity vector RSG,),
S@,) is the similarity vector whose elements present the similarity between the x, and all the
labeled samples, RS(,) is a vector that rearranged in descend for the similarity vector S¢.) and
Vrsu,, 18 the quality variable which has the similarity RS(.), with the unlabeled data sample x, ;

Optionally, said step 2 comprises the steps:

Step 2.1: Construct temporary datasets which can be denoted as D, (/)= {[xL X LIy yr ]} .
Therefore, we have n, temporary datasets and they are needed for calculating the evaluation index

0 ; The definition of the evaluation index ¢ 1is given as follow:

3
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0()=0(x'xf)= 3 (7 -) @)

x, =X’

where y. is the corresponding quality variable of the j-th data sample x, in the labeled
dataset X'eR"™ , and j° is the prediction of x, specified by the GPR model with the
i-thtemporary dataset D, (i)={[x":x/LIy"¥/1};

Step 2.2: Re-arranged the index ¢ in a descend order;

RQ =descend (Q0)=RQ,>...>R0,>..>R0O, (5)

where RQ, represents the i-th largest value of the elementin

Step 2.3: Select the first », data samples with the largest ¢ values to form the selected
dataset D* = {X* e R, y" e R""}.

Optionally, said step 3 comprises the following step:

Step 3.1: Calculate the dissimilarity index matrix 4 whose ij-th element dJ(i,j) represents
the dissimilarity between D and D?;

In Bagging algorithm, the m samples of the /-th sub-dataset are all randomly drawn from
the original dataset D, which can be represented as D, ={(x,.y, )}m:1 :
Optionally, said step 4 comprises the following steps:

Step 4.1: Search the largest value 4 (i ) of the matrix ¢ and match the i -th labeled

max > Jmax

sub-dataset and the j, -th selected sub-dataset;

max >

Step 4.2: Update dissimilarity index matrix 4 by removing the row d4(i,,.-) and the column

d(~ju) from the original matrix;
Step 4.3: Where matrix J is the dissimilarity index matrix whose ij-th represents the

dissimilarity between the i-th labeled sub-dataset and the j-th selected sub-dataset, based on the
dissimilarity (DISSIM) algorithm.
Optionally, the procedure of the DISSIM algorithm of said step 4.3 is given as follows:

Consider the following two datasets, X, eR™” and X,eR™", where n, 1is the number of

4
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samples in dataset X, and m isthe number of variables. The covariance matrices are given by

1 or
R =—X'X
1 N 7 ! (6)

i

The covariance matrix of the mixture of two data sets is given by

T
X, ]'[x
__N N R N
NN, X, | |X,] N+N, ' N +N,

Then R can be diagonalized by an orthogonal matrix P, using eigenvalue decomposition
P/RP, =A ®)
where A is a diagonal matrix whose diagonal elements are eigenvalues of R .

Then the original data X, are transformed into Y,

o A

1
where P is transformation matrix defined as P=PA ?

©)

The covariance matrices of the transformed data are given as

T
Sl_:LYI_TYI_ LPTXI'XIP
N, N +N, N,
v (10)
PRP
N N,

Accordingly, the index p is defined for evaluating the dissimilarity of data sets

. 4 :
D:dlss(Xl,Xz):EZ(/lf—O.S) (11)
J=l
where A’ denotes the eigenvalues of the covariance matrix S,;
In this work, only on those eigenvalues whose values are far away from 0.5 are focused on,

and the dissimilarity index D is re-defined as follow

< A - 2
Dzdlss(Xl,Xz):%Z(/lf—O.S) (12)

j=l

where 1/ isthe j-th element of the set 1 ={descend(|}d —0.5|)} ,and m is the number of
selected eigenvalues; Unlike the conventional index D measures the whole dissimilar information
of the datasets, the new index D relies on the most dissimilar information between two datasets,
thus D is more sensitive to different datasets.

Optionally, said step5 comprises the steps:

Step 5.1: Make the final prediction of the quality variable by combining the sub prediction
5
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results, whose calculating method is given as follow:

A
N 1.
yﬁnal :zz i (13)

i=1

Optionally, the Gaussian Process Regression model of said step 5 is described as follows:
Consider a training dataset XeR™" and yeR™ where {x 61’?'”}11 is the input data with 7

dimensions, and {y, €R}" is the output data; The aim of a regression model is to find a functional

relationship v =/(x|0)+& between input and output; Particularly, the Gaussian process regression
model assumes that the regression function with zero-mean Gaussian prior distribution; The

description of the function is given as follow

y={/(x).f(x,),.... [(x,)} ~ GP(0.K) (14)

where K is the covariance matrix whose #-th element is%;, =#(x..X,) and in this paper, the
kernel function *() is the commonly used squared-exponential covariance function, which is
defined as follow

2r?

(x,x; )Ux,—g)}
k(xl,x]):ajexp{ +6,0, (15)

where 6, =1 only wheni=/  otherwise 9,=0; / islength-scale;and o; and o, are terms

as signal and noise variance, respectively; An appropriate hyper-parameter set © =[o,.0,./] is vital

for a GPR model to make an accurate prediction about the output variable; To determine the optimal
value of the hyper-parameter set, the following likelihood function should be maximized in the

training process
n 1 1 Ty -1
I = —Elog(27z) —Elog(|K|) _Ey Ky (16)

Conjugate gradient method is used to obtain the closed solution for the above maximizing
problem; An alternative way to determine the optimal value is to employ the sampling methods
such as Markov chain Monte Carlo (MCMC) method, which draws samples to approximate the
poster distribution of the hyper-parameters;

Once we get the optimal hyper-parameter set, the GPR model is available to make a prediction
about the distribution of V., corresponding for X.,; When a quarry data sample X., comes,
according to the property of the multivariate Gaussian distribution, the posterior distribution of the

6



WO 2019/213860 PCT/CN2018/086128

output, namely (Vuew |Xo¥ X0 )~ N(4#(Voew )-0" (Vo)) can be identified, where #(Vuw) and o’(Vye,)

is the mean and variance of the poster distribution, respectively;

They can be calculated as follows

A (Voo ) =K (X XKy (17)
It () =k(x,,, X, ) -k (x,., . X)K'k(x,,,X) (18)

where k(x,,,.X)=[k(x,,.x,).k(x,,.X, ). k(%,,.x,)]" ; Finally, take the expectation (Vi) of

the posterior distribution as the prediction result about the output variable of the quarry data sample

XnSW .
Optionally, the above advanced ensemble learning strategy based semi-supervised soft sensing
method is characterized by improving the prediction performance with a limited number of labeled

data samples, under the ensemble learning framework, and the improved prediction performance

can be obtained.

BRIEF DESCRIPTION OF THE DRAWINGS
Fig.1 shows the modeling steps of the advanced ensemble learning strategy based
semi-supervised soft sensing method in examplel;
Fig.2 shows the modeling steps of the advanced ensemble learning strategy based
semi-supervised soft sensing method;

Fig.3 shows the prediction errors under different modeling strategies.

DETAILED DESCRIPTION
Example 1
Based on Fig. 1, the detailed illustration of the advanced ensemble learning strategy based
semi-supervised soft sensing method is given.

Stepl: Collect training data set which can be divided as two counterparts: 1) the labeled

training  data set D'={X'eR""y'erR™} , 2) the unlabeled training data

set DY :{XU e eR”"“} :
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Then use self-training method to estimate the missing quality variable in the unlabeled training

data set, and denote the estimated and selected data set as DE:{XUeR”’””,yEeR”'“} and
D® ={X* eR"™ y* eR""}, respectively.

where the superscript L, U , E and S, present the labeled ,unlabeled, estimated and selected

data samples, respectively; and {X} and {y} are the input (process) and output (quality) variables,

respectively, »n, ,n, and n, are the number of the labeled , unlabeled, and selected data samples,

respectively; while m is the number of the process variables;

Step2: Form the selected dataset D* ={X* e R"™".y*eR""} according to the labeled training

data set and the unlabeled training data set;

where the superscript S means the selected data samples, and », is the number of the selected

data samples;

Step3: Employ Bagging algorithm to D" and D*®  respectively, then A  labeled
sub-datasets { D" }: and A selected sub-datasets {D’ }j: have been obtained; 4 is the number of
the sub datasets;

Step4: Match all the sub-datasets, then A matched sub-datasets have been obtained,

Step5: When a quarry sample comes, predict its quality variable with the matched sub-datasets
via the Gaussian Process Regression (GPR) model.

Example 2

Based on Fig. 1, the detailed illustration of the advanced ensemble learning strategy based
semi-supervised soft sensing method is given.

The debutanizer column process is utilized, and the soft sensors are designed for the butane
content.

Step D : Collect training data set which can be divided as two counterparts: 1) the labeled
training  data set D' ={X'eR""y eR""'}

2) the unlabeled training data

2

set DV = {XU e R yY eR"u“} .
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Then use self-training method to estimate the missing quality variable in the unlabeled training
data set, and denote the estimated and selected data set as D ={XU eR"™ yE eR”’“} and
D° ={X*eR™™" y’ e R™"}, respectively.

where the superscript L, U , E and § present the labeled, unlabeled , estimated and selected
data samples, respectively; and {X} and {y} are the input (process) and output (quality)
variables, respectively; » and »n, are the number of the labeled and unlabeled data samples,

respectively; while m 1is the number of the process variables.
Then use Eqs. (1) to (3) to calculate the estimated values of the missing output variables to

form the estimated data set, Eqs. (1) to (3) are termed as self-training algorithm.
S3G,j)= yexp(—”xi - X, ”) +(1—y)cos <x,,x, > )
RS(1,") = descend{S(i,")} 2)
K
D RS Vs,

b == 3)
ZRS(I>)k

where || denotes the Euclidean distance, and y is the parameter for the computing the

similarity, and RS(i,-), represents the k-th eclement in the rearranged similarity vector RS (i,)
and yig(i,.)k is the quality variable which has the similarity RS(i,-), with the unlabeled data
sample x,.

Step @ : Then construct temporary datasets which can be denoted as

D (i)={[XL;ij],[yL;yf5]} . Therefore, we have », temporary datasets and they are needed for

temp

calculating the evaluation index ¢ . The definition of the evaluation index @ is given as follow

0()=0(x's")= X (5 -+)) @)

where yJL- is the corresponding quality variable of the j-th data sample X, in the labeled

dataset X' €R"™ , and J, is the prediction of X, specified by the GPR model with the

i - th temporary dataset Dy, (i) = {[XL;X}J]>[yL;§]f]}~
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Re-arranged the index ¢ in a descend order
RO =descend(Q) = RO, >..> RO, >..> RO, (5)
where RO, representsthe i - th largest value of the elementin O .

Select the first M,  data samples with the largest O  values to form the selected

dataset D° = {XS e Ry e R"SXI} .

Step 3 : Employ Bagging algorithm to D and D°® respectively, then A labeled

sub-datasets {Df}

Al and A4 selected sub-datasets {DJS}A1 have been obtained. Calculate the
i= j=

dissimilarity index matrix @ whose ij-th element d(i,/) represents the dissimilarity between
Dfand D5 .

In Bagging algorithm, the m samples of the /-th sub-dataset are all randomly drawn from
the original dataset ), which can be represented as b, ={(x,. yj)}:; .

Step @ : Repeat this step until all the sub-datasets are matched. Search the largest
value d (l'max,jmax) of the matrix d  and match the 7, -th  labeled sub-dataset and the
Jmax-th  selected sub-dataset. Then update dissimilarity index matrix d by removing the row

d(ip,.) and the column d(.,, ) from the original matrix.

where matrix d is the dissimilarity index matrix whose #j-th represents the dissimilarity

between the i-th labeled sub-dataset and the j-th selected sub-dataset, based on the dissimilarity

(DISSIM) algorithm.

The procedure of the DISSIM algorithm is given as follows:
Consider the following two datasets, X, eR"™™ and X,eR™™, where #; isthe number of

samples in dataset X, and /7 isthe number of variables. The covariance matrices are given by

1 or
R =—/XX
i N ) (6)

i

The covariance matrix of the mixture of two data sets is given by

T

N X X N N

R=——! ! '=—L—R,+—2—R, (7)
N +N, X, | | X, N, + N, N, +N,
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Then R can be diagonalized by an orthogonal matrix P,using eigenvalue decomposition
P/RP = A (8)
where A is a diagonal matrix whose diagonal elements are eigenvalues of R .

Then the original data X, are transformed into Y,

N = N
YI — —IXIPOA 2 — _1le (9)
N, +N, N, +N,

1
where P is transformation matrix defined as P=PA ?

The covariance matrices of the transformed data are given as

N, X'X
S,:LY,TY,: e i
N, N,+N, N,
(10)
Nv T
= " P'R,P
N +N,

Accordingly, the index p 1s defined for evaluating the dissimilarity of data sets

D=diss(X1,X2)=%Z(;tj —0.5)2 (11)

7=

J . . .
where A4 denotes the eigenvalues of the covariance matrix S, .
In this work, only on those eigenvalues whose value is far away from 0.5 is focused on, and

the dissimilarity index D is re-defined as follow

5=diss(xl,xz)=izm:(i’ —0-5)2 (12)

=

3

where A’ isthe Jj-th element of the set A’ :{descend(|/1j —0.5|)} ,and M is the number

of selected eigenvalues. Unlike the conventional index D  measures the whole dissimilar
information of the datasets, the new index D relies on the most dissimilar information between
two datasets, thus D is more sensitive to differentiate datasets.

Step(® : Based on the above steps, the 4 sub-datasets have been obtained. When a quarry
sample comes, predict its quality variable with the sub-datasets via the Gaussian Process Regression
(GPR) model. Make the final prediction of the quality variable by combining the sub prediction

results, whose calculating method is given as follow

11
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A

- I,

yﬁnal = : ,Zyi (13)
i=1

The Gaussian Process Regression model is described as follows:

Consider a training dataset X e R*" and y € R™  where {x, € Rm} _, is the input data with

m  dimensions, and {yl. eR}:l:1 is the output data. The aim of a regression model is to find a

functional relationship y= f(Xx|@)+& between input and output. Particularly, the Gaussian

process regression model assumes that the regression function with zero-mean Gaussian prior

distribution. The description of the function is given as follows

y={/(x). f(x,),.... f(x,)} ~ GP(0,K) (14)

where K is the covariance matrix whose #-th element is%, =#(x..X,) and in this paper, the
kernel function #(-) is the commonly used squared-exponential covariance function, which is

defined as follow

{(x,»x, ) (x-x,)

-2

Y s o
k(xiaxj)—afexp +5ij0n (15)

where O, =1 only when/ = j , otherwise 0, =0 [ is length-scale; and szf and Gﬁ
are terms as signal and noise variance, respectively. An appropriate hyper-parameter set

® =[o,,07.,1] isvital for a GPR model to make an accurate prediction about the output variable.

To determine the optimal value of the hyper-parameter set, the following likelihood function should
be maximized in the training process

L=-"log(27) —llog(|K|) Lyky (16)

2 2 2

Conjugate gradient method is used to obtain the closed solution for the above maximizing
problem. An alternative way to determine the optimal value is to employ the sampling methods
such as Markov chain Monte Carlo (MCMC) method, which draws samples to approximate the
poster distribution of the hyper-parameters.

Once we get the optimal hyper-parameter set, the GPR model is available to make a prediction
about the distribution of ynew corresponding for X . When a quarry data sample X .

comes, according to the property of the multivariate Gaussian distribution, the posterior distribution

12
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of the output, namely (Voo | Xo ¥, X ) ~ V(2 (Voo )07 (View ) can be identified, where

u(ynew) and o’ (Ve ) 1s the mean and variance of the poster distribution, respectively, which

can be calculated as follows

lu (ynew) = kT(XneW >X)K_ly (17)

Gz(ynew) = k(Xnew > Xnew ) - kT(Xnew >X)K_lk(xnew >X) (18)

where k(xnew,X)=[k(xnew,xl),k(xnew,xz),...,k(x X )]T . Finally, take the

new > " n

expectation ,u(yncw) of the posterior distribution as the prediction result about the output

variable of the quarry data sample X .. .

Fig. 3 shows the prediction errors under different modeling strategies, it can be found that the
advanced ensemble learning strategy based semi-supervised soft sensing method is superior to other

strategies.

13
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Claims

1. An advanced ensemble learning strategy based semi-supervised soft sensing method,
includes the following steps:

Step 1: Collect training data set which can be divided as two counterparts: 1) the labeled

2) the unlabeled training data set

training data set D'={X'eR""y eR"} |
DU — {XU elenuxm’yU ER”"XI} ’

Then use self-training method to estimate the missing quality variable in the unlabeled training

data set, and denote the estimated and selected data set as DE:{XUeR”’””,yEeR”'“} and
D® ={X* eR"™ y* eR""}, respectively.

where the superscript L, U , E and S, present the labeled ,unlabeled, estimated and selected

data samples, respectively; and {X} and {y} are the input (process) and output (quality) variables,

respectively;, n,, n,,and n, are the number of the labeled, unlabeled, and selected data samples,

respectively; while m is the number of the process variables;

Step 2: Form the selected dataset D° ={X’eR"".y*eR""} according to the labeled training

data set and the unlabeled training data set;

where the superscript § means the selected data samples, and »,_ is the number of the selected
data samples;
Step 3: Employ Bagging algorithm to D*and D° respectively, then A labeled sub-datasets

{Df}il and A selected sub-datasets {Df }j have been obtained; A is the number of the sub

4
datasets;

Step 4: Match all the sub-datasets, then A matched sub-datasets have been obtained,;

Step 5: When a quarry sample comes, predict its quality variable with the matched sub-datasets
via the Gaussian Process Regression (GPR) model.

2. The method of claim 1, between the step 1 and step 2, said method comprises the step:

Step 1.1: Use Eqgs. (1) to (3) to calculate the estimated values of the missing output variables to

form the estimated data set; said Eqgs. (1) to (3) are termed as self-training algorithm;
SG. )= 7/exp(—||xl —x]”) +(I-p)cos <x,.x, > (1)

RS(i,”) = descend{S(i,")} (2)
14
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K
ZRS(ia')kyﬁsq,»)h
k=l

iRS(i;)k

Vi =

©))

where || denotes the Euclidean distance, and y is the parameter for the computing the
similarity, and RS(@,), represents the k-th element in the rearranged similarity vector RS@,),
S@,) 1s the similarity vector whose elements present the similarity between the x, and all the
labeled samples, RS(i,) is a vector that rearranged in descend for the similarity vector S(,) and
Vise,, 18 the quality variable which has the similarity RS(.), with the unlabeled data sample x, ;

3. The method of claim 2, said step 2 comprises the steps:

Step 2.1: Construct temporary datasets which can be denoted as Dy, (i ) = {[XL;X?J ]>[YL;Y;E]} .
Therefore, we have #», temporary datasets and they are needed for calculating the evaluation index
Q ; The definition of the evaluation index ¢ is given as follow:

0()=0(x's")= X (% ~¥) @)

where 7 is the corresponding quality variable of the ;-th data sample x in the labeled
dataset X“eR"™, and j; is the prediction of x, specified by the GPR model with the i-rh
temporary dataset D, (i)={x":x" LIy 71} ;

Step 2.2: Re-arranged the index ¢ in a descend order;

RQ =descend(Q)=RQ,>..>RQ,>..>RQ,, %)

where RQ, represents the i-th largest value of the elementin Q;

Step 2.3: Select the first », data samples with the largest @ values to form the selected
dataset D° = {X* e R y* e R} .

4. The method of claim 3, said step 3 comprises the following step:

Step 3.1: Calculate the dissimilarity index matrix 4 whose ij-th element 4(i,j) represents
the dissimilarity between D and D? ;

In Bagging algorithm, the m samples of the /-th sub-dataset are all randomly drawn from

15
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the original dataset D, which can be represented as D, ={(x,.y, )}m -
j=
5. The method of claim 4, said step 4 comprises the following steps:

Step 4.1: Search the largest value 4 (i ) of the matrix ¢ and match the i -th labeled

max > Jmax

sub-dataset and the j, -th selected sub-dataset;

Step 4.2: Update dissimilarity index matrix 4 by removing the row dJ(i, .-) and the column

max >

d(ju) from the original matrix;
Step 4.3: Where matrix dJ is the dissimilarity index matrix whose ij-th represents the

dissimilarity between the i-th labeled sub-dataset and the j-th selected sub-dataset, based on the

dissimilarity (DISSIM) algorithm.
6. The method of claim 5, the procedure of the DISSIM algorithm of said step 4.3 is given as

follows:

Consider the following two datasets, X, eR"™™ and X,eR™" , where n, is the number of

samples in dataset X, and m isthe number of variables. The covariance matrices are given by

— 1 T
Rz _VXI Xz (6)

i

The covariance matrix of the mixture of two data sets is given by

T
R= N X, X, _ N, R .+ N, R (7)
N +N,|X,| |X,| N,+N, ' N, +N, °’

Then R can be diagonalized by an orthogonal matrix P, using eigenvalue decomposition

P/RP =A (8)
where A is a diagonal matrix whose diagonal elements are eigenvalues of R.

Then the original data X, are transformed into Y,

N, L N,
Y = —XPA = —X,P (9)
N, +N, N, +N,
1

where P is transformation matrix defined as P=PA ?

The covariance matrices of the transformed data are given as

16
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T
Si:iYiTYi: N prX X,y
N, N, +N, N,
v (10)
—— ' _P'RP
N +N,

Accordingly, the index p 1s defined for evaluating the dissimilarity of data sets

. 4 & 2
D:dlss(Xl,Xz)zzZ(/V—O.ﬂ (11)

J=1

where A’ denotes the eigenvalues of the covariance matrix S,

In this work, only on those eigenvalues whose values are far away from 0.5 are focused on,

and the dissimilarity index D 1is re-defined as follow

~ . 4 &~ 2
D =diss(X,.X,) = EZ(ﬁ,f —0.5) (12)

=
where 1’ isthe jth element of the set A’ :{descend(|/lf —0.5|)} ,and s 1s the number of
selected eigenvalues; Unlike the conventional index D measures the whole dissimilar information
of the datasets, the new index D relies on the most dissimilar information between two datasets,
thus D is more sensitive to different datasets.
7. The method of claim 5, said stepS comprises the step:
Step 5.1: Make the final prediction of the quality variable by combining the sub prediction

results, whose calculating method is given as follow:

N 4.
yﬁnal :zz i (13)

i=1

8. The method of claim 5, the Gaussian Process Regression model of said step 5 is described as
follows:

Consider a training dataset XeR*” and yeR™ where {x eR"} isthe input data with

=1
dimensions, and {y, €R} , is the output data, The aim of a regression model is to find a functional

relationship v =/(x|0)+& between input and output; Particularly, the Gaussian process regression
model assumes that the regression function with zero-mean Gaussian prior distribution; The

description of the function is given as follow

y={/(x).f(x,),.... [(x,)} ~ GP(0.K) (14)

where K is the covariance matrix whose #-th element is%;, =#(x..X,) and in this paper, the
kernel function *() is the commonly used squared-exponential covariance function, which is

defined as follow
17
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x—x)" (x-x))
2r?

k(x,.x,)=0"exp Léyof (15)

where 6, =1 only when/=J  otherwise J,=0; I islength-scale;and o; and o, areterms

as signal and noise variance, respectively; An appropriate hyper-parameter set © =[c,.c../1 is vital

for a GPR model to make an accurate prediction about the output variable; To determine the optimal
value of the hyper-parameter set, the following likelihood function should be maximized in the

training process
n 1 1 Tyr-1
I = —Elog(27z) —Elog(|K|) _Ey Ky (16)

Conjugate gradient method is used to obtain the closed solution for the above maximizing
problem; An alternative way to determine the optimal value is to employ the sampling methods
such as Markov chain Monte Carlo (MCMC) method, which draws samples to approximate the
poster distribution of the hyper-parameters;

Once get the optimal hyper-parameter set, the GPR model is available to make a prediction
about the distribution of V., corresponding for X..; When a quarry data sample X., comes,

according to the property of the multivariate Gaussian distribution, the posterior distribution of the
output, namely (Vuey |X.¥. X0 )~ N(4( Ve ). (Vi) can be identified, where #(Vu) and 0°(V,,)
is the mean and variance of the poster distribution, respectively;

They can be calculated as follows

Iu(ynew) :kT(Xnew>X)K71y (17)
62 (ynew) = k(xnew 2 Xnew ) - kT (Xnew ’X)Kilk(xnew ’X) (l 8)

where k(x,,,.X)=[k(x,,.x,).k(x,,.X, ). k(%,,.x,)]" ; Finally, take the expectation #(V,) of

the posterior distribution as the prediction result about the output variable of the quarry data sample

X

new .

9. The method of claim 5, the above advanced ensemble learning strategy based
semi-supervised soft sensing method is characterized by improving the prediction performance with
a limited number of labeled data samples, under the ensemble learning framework, and the

improved prediction performance can be obtained.
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