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online. The secondary variables affect the primary variable in considerably different speed, and soft senso
systems exhibitmulti-dynamic characteristics. Thus, thefirst contribution is improving themodel in the previou
study with multi-time-constant. The characteristics-separation-based model will be identified in substep way
and the stochastic Newton recursive (SNR) algorithm is adopted. Considering the dual-rate characteristics o
soft sensor systems, the proposed model cannot be identified directly. Thus, two auxiliary models are firs
proposed to offer the intersample estimations at each update period, based on which the improved algorithm
(DAM-SNR) is derived. These two auxiliary models function in switching mechanism which has been illustrate
in detail. This algorithm serves for the identification of the proposedmodel togetherwith the SNR algorithm, an
the identification procedure is then presented. Finally, the laboratorial case confirms the effectiveness of th
proposed soft sensor model and the algorithms.
© 2017 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved
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1. Introduction

Over the last two decades, soft sensor technique has been extensive
ly studied and increasingly implemented in industrial processes.
solves the real-time measurement problem for important qualit
variables, and these variables indicate the production quality directl
and play an indispensable role in process control [1–3]. The soft senso
model, which is built based on massive amounts of measurements o
quality and easily measured variables (primary and secondar
variables), is the core of this technique [4,5]. In our last contribution,
new type of soft sensor model consisting of a dynamic submodel i
cascade with a static one has been proposed [6,7]. And it could b
named as the separation of dynamic and static characteristics base
model (or characteristics-separation-based model in brief). Dynami
and static submodels build the dynamic and static relationship
between primary and secondary variables respectively. The dynami
and static characteristics are described sufficiently based on these tw
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models, and the parameters have physical interpretation and offe
effective information for process control and optimization.

However, there exist two main limitations in the last research [6,7
(1) the time constant, i.e. the dynamic submodel parameter, is designa
ed as the same formulti-input soft sensor systems; (2) the identificatio
is conducted in the single-rate case, and the improved stochastic New
ton recursive (SNR) algorithm is applicable at this moment. Actually
the time constant of the dynamic process between the primary variabl
and a certain secondary variable is likely to differ from those of othe
processes. Therefore, one contribution in this paper is that the mult
dynamic characteristics of the soft sensor systemshave been considere
in the model with multi-time-constant.

As is well known, soft sensor systems exhibit dual-rate characteristic
with slow sampled primary variable and fast sampled secondary var
ables [8–10]. So, the recursive algorithm in our last contribution canno
be directly used for actual system. To solve the dual-rate system identifi
cation, Ding and Chen proposed one effective method that directly est
mates the parameters of the single-rate model with an auxiliary mode
[11–13]. The basic idea of the auxiliary-model-based approach is t
replace the unmeasurable variable with the estimated values. The consis
tency of the algorithm for time-invariant systems has been prove
[11,14]. Thismethod is also adopted in this study. However, the estimate
values of the quality variable from the conventional auxiliary mode
(termed as primary auxiliary model in Section 4) may be divergen
Industry Press. All rights reserved.
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which prevents the recursion process. To overcome the problem, anothe
nonlinear auxiliary model (termed as secondary auxiliary model i
Section 4) is first presented to cooperate with the primary one t
provide the estimated values for next recursion. These two auxiliar
models work in specific switchingmechanism. The double-auxiliary
model based stochastic Newton recursive (DAM-SNR) algorithm i
then derived and utilized for the identification of the proposed sof
sensor model together with the SNR algorithm.

The rest of this paper is organized as follows. In Section 2, th
characteristics-separation-based model with multi-time-constant i
given. In Section 3, the substep identification way is illustrated
Section 4 gives the SNR algorithm, and shows the structure an
feature of DAM-SNR algorithm. The identification procedure fo
soft sensor model is specified in detail in Section 5. The pH neutrali
zation process is employed to demonstrate the effectiveness of th
soft sensor model and the algorithms in Section 6. The final remark
are made in Section 7.

2. Characteristics-Separation-Based Model with Multi-Time-Constan

2.1. The previous model

In our last study [6,7], we have derived the following discrete mode
for multi-input and single-output(MISO) soft sensor system:

vi kð Þ ¼
Xm
j¼1

αijui k−mþ jð Þ ð1a

y kð Þ ¼
Xp
i¼1

bivi kð Þ þ c ð1b

αij ¼ e−
1
a m− jð ÞT ; j ¼ 1;2;…;m

{ui, i=1,2,…,p} and y represent the secondary and primary variable
respectively, and {vi} represents the intermediate variable; a represent
the time constant, andm refers to the number of historical data of eac
secondary variable with the same value [6]; k and k − m + j indicat
sampling time; {αj, j = 1,2,…,m} is the dynamic weight; {bi} and c ar
the static model parameters. Eq. (1a) and (1b) represent the dynami
and static submodels. The dynamic relationship between the secondar
and intermediate variables is built based on the dynamic submode
which is equal to the one between secondary and primary variable
with unit gain. The static relationship between primary and intermedi
ate variables is built based on the static submodel, which is equal to th
one between secondary and primary variables. We can write Eq. (1a
and (1b) as

y kð Þ ¼
Xp
i¼1

bi
Xm
j¼1

αijui k−mþ jð Þ þ c

In the above equation, it is easy to see that the dynamic mode
parameters multiply the static ones. The model parameters woul
alter with working condition changing. With changing parameters, th
linear model exhibits time-varying characteristics and is utilized t
approximate the real soft sensor system. The nonlinear characteristic
of the system will be reflected in this way. Thus, the Eq. (1a) and (1b
actually shows the nonlinear and dynamic characteristics of soft senso
systems.

In fact, themodel (Eq. (1a) and (1b)) could be rewritten into amor
general form as

vi kð Þ ¼ ∑m
j¼1αijui k−mþ jð Þ ; αij ¼ e−

1
a m− jð ÞT

y kð Þ ¼ f v1 kð Þ; v1 kð Þ;…; vp kð Þ� �
(

ð2
where numerous model types, such as ANN, SVM, et al., could b
adopted for f(•). And the weights in the first part of Eq. (2) ma
be fixed or changed. The similar research achievements about thi
type of model (Eq. (2)) have been reported in several manuscript
[15–17]. Generally, industrial process is conducted in some steady
state working condition and the soft sensor systems are basicall
stable, therefore, linear model (Eq. (1b)) is enough for f(•) in applica
tions. On the other hand, adopting linear model could reduce model
ing complexity and make the model easy to operate and updat
online. In this study, the general model (Eq. (2)) would not b
discussed further.

2.2. The improved model

One of the main limitations of the model (Eq. (1a) and (1b)) is tha
only one time constant is considered. Actually, the response speed o
the primary variable with one secondary variable changing may diffe
from others considerably. The soft sensor system has multi-dynami
characteristics, and it is necessary to consider various time constant
in the model. To describe soft sensor system more accurately, w
could write the dynamic relationship under someworking condition a

Δy sð Þ ¼ b1
a1sþ 1

Δu1 sð Þ þ…þ bp
apsþ 1

Δup sð Þ ð3

Let

Δvi sð Þ ¼ 1
aisþ 1

Δui sð Þ ð4a

and we have

Δy sð Þ ¼ b1Δv1 sð Þ þ b2Δv2 sð Þ þ…þ bpΔvp sð Þ ð4b

Transforming Eq. (4a) and (4b) into the time-domain model, w
have

ai
dvi tð Þ
dt

þ vi tð Þ ¼ ui tð Þ
y tð Þ ¼ ∑p

i¼1bivi tð Þ þ c ; c ¼ y0−∑p
i¼1ui0

8<
: ð5

Finally, we obtain the soft sensor model as

vi kð Þ ¼
Xmi

j¼1

αijui k−mi þ jð Þ ð6a

y kð Þ ¼
Xp
i¼1

bivi kð Þ þ c ð6b

αij ¼ e−
1
ai

mi− jð ÞT
; j ¼ 1;2;…;mi ; mi ¼

ai
T

ln
1

1−λ

� �
ð6c

λ represents the permissible error limit, and [·] represents the first inte
ger greater than itself [6]; T is the fast sampling period for secondar
variables.
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3. Substep Identification Mode

Wedo not identify the soft sensormodel (Eq. (6a) and (6b)) directly, but the correspondingmodels instead following the substepway. Discretiz
Eq. (3), and we have

Δy kð Þ ¼ ∑p
i¼1

bi 1−e−
T
ai

� �
1−e−

T
ai z−1

Δui kð Þ ð7

where z represents the forward shift operator and z−1x(k) = x(k − 1). Then

1−∑p
i¼1e

− T
ai z−1 þ∑p

i≠ j;i¼1; j¼1e
− T

ai
− T

a j z−2−∑p
i≠ j≠k;i¼1; j¼1;k¼1e

− T
ai
− T

a j
− T

ak z−3 þ…
� 	

Δy kð Þ

¼ ∑p
i¼1Δui kð Þ bi 1−e−

T
ai

� �
1−∑p

j¼1; j≠ie
− T

a j z−1 þ∑p
j≠k; j¼1;k¼1e

− T
a j
− T

ak z−2−∑p
j≠k≠l; j¼1;k¼1;l¼1e

− T
a j
− T

ak
− T

al z−3 þ…
� 	� � ð8

Let

1−
Xp

i¼1
e−

T
ai z−1 þ

Xp

i≠ j;i¼1; j¼1
e
− T

ai
− T

a j z−2−
Xp

i≠ j≠k;i¼1; j¼1;k¼1
e
− T

ai
− T

a j
− T

ak z−3 þ…

¼ 1þ α1z−1 þ α2z−2 þ…þ αpz−p
,

bi 1−e−
T
ai

� �
1−∑p

j¼1; j≠ie
− T

a j z−1 þ∑p
j≠k; j¼1;k¼1e

− T
a j
− T

ak z−2−∑p
j≠k≠l; j¼1;k¼1;l¼1e

− T
a j
− T

ak
−T

al z−3 þ…
� 	

¼ βi;0 þ βi;1z
−1 þ βi;2z

−2 þ…βi;p−1z
−pþ1

Multiplying both sides of Eq. (8) by 1 − z−1, we have

1þ α1z−1 þ α2z−2 þ…þ αpz−p� �
y kð Þ−y0ð Þ− y k−1ð Þ−y0ð Þ½ � ¼

Xp
i¼1

βi;0 þ βi;1z
−1 þ βi;2z

−2 þ…βi;p−1z
−pþ1� �

ui kð Þ−ui0ð Þ− ui k−1ð Þ−ui0ð Þ½ � ð9

Finally, we obtain

1þ α1−1ð Þz−1 þ α2−α1ð Þz−2 þ…
þ αp−αp−1
� �

z−p−αpz−p−1

� �
y kð Þ ¼

Xp
i¼1

βi;0 þ βi;1−βi;0
� �

z−1 þ βi;2−βi;1
� �

z−2 þ…
þ βi;p−1−βi;p−2
� �

z−pþ1−βi;p−1z
−p

" #
ui kð Þ ð10

After identifying Eq. (10), we have the estimation

e−
T
ai ¼

β̂i;1−β̂i;0

� �
þ β̂i;0

β̂i;0

− α̂1−1ð Þ−1 ð11

Then, it is easy to obtain the estimations for intermediate variable {vi} according to Eq. (6a), (6c). With {vi} and themeasurements of the primar
variable, the static model parameters would be obtained through the identification of Eq. (6b).

The substep identificationmode is summarized as follows: identify themodel of Eq. (10) first and then the one of Eq. (6b). There are several rea
sons for choosing substep mode: first, it has been discussed that the soft sensor model parameters have some physical significance and may give u
some guidance for process control, however, these model parameters are multiplied together (Eq. (6a) and (6b)), and it may not be able to obtai
their accurate estimations with conventional optimization approaches; secondly, substep way makes it more flexible to update the propose
model online, such as changing the dynamic model parameters only within comparatively short time and the static model parameters after long pe
riod, or in other manners, and such practice could also reduce the calculation online.

It may be doubted that Eq. (10) exhibits the relationship between the secondary and primary variables, and why it cannot be used as the so
sensor model. The reasons are as follows. Firstly, it has been explained that the model parameters in Eq. (6a) and (6b) have some physical signifi
cance and it's necessary to obtain them to make some guidance for process control and optimization. Secondly, the number of the parameters o
Eq. (10) is p × (p + 1), which is p times the number of the ones in Eq. (6b); however, for convenience in application, the dynamic and stati
submodels are updated in different rates, and the static submodel which exhibits the steady-state relationship of the system is usually update
with relatively faster frequency.
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Fig. 1. The mechanism of DAM-SNR algorithm.
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4. Introduction to the Recursive Algorithms

In this section, two recursive algorithms are given: the SNR and th
DAM-SNR algorithms. At each slow-sampling period, the propose
model would be updated based on them.

4.1. The SNR algorithm

This algorithm is based on gradient-descent ideas and employs sam
ple covariance matrix to control the update directions. Its descriptio
involves twoupdate relations: one for theupdate of theweight estimat
and the other for the update of the sample covariance matrix [18,19
We have the recursive algorithm as follows:

θ̂ kð Þ ¼ θ̂ k−1ð Þ þ ρ kð ÞR−1 kð Þφ kð Þ z kð Þ−φT; kð Þθ̂ k−1ð Þ
h i

R kð Þ ¼ R k−1ð Þ þ ρ kð Þ φ kð ÞφT kð Þ−R k−1ð Þ
 �
(

ð12

where θ̂ðkÞ and R(k) represent the parameter estimation and sampl
covariance matrix; {ρ(k)} is the forgetting factor; φ(k) is defined a
the information vector; z(k) is the output variable, and indicates y(k
for themodels in Eqs. (10) and (6b). Given the dual-rate characteristic
of the soft sensor systems, assume the slow sampling period for primar
variable as qT(q is supposed as an integer and q N 1). q is defined as th
sampling period ratio. Then, we could rewrite Eq. (12) into

θ̂ kqð Þ ¼ θ̂ kq−qð Þ þ ρ kqð ÞR−1 kqð Þφ kqð Þ z kqð Þ−φT kqð Þθ̂ kq−qð Þ
h i

R kqð Þ ¼ R kq−qð Þ þ ρ kqð Þ φ kqð ÞφT kqð Þ−R kq−qð Þ
 �
(

ð13

At each slow sampling period, the parameter estimations would b
updated. It should be noticed that the values of {ρ(kq)} depend o
specific situation, such as to satisfy Eq. (13) in reference [6] for time
invariant system, or be some constant for time-varying system [6].

4.2. The DAM-SNR algorithm

For Eq. (10), we have

φ1 kqð Þ ¼ ½−y kq−1ð Þ;−y kq−2ð Þ;…;−y kq−p−1ð Þ;u1 kqð Þ;u1 kq−1ð Þ;…;u1 kq−pð Þ;
u2 kqð Þ;u2 kq−1ð Þ;…;u2 kq−pð Þ;…;up kqð Þ;up kq−1ð Þ;…;up kq−pð Þ�T∈R pþ1ð Þ2

ð14a

θ ¼ ½α1−1;α2−α1;…;αp−αp−1;αp;β1;0;β1;1−β1;0;…;β1;p−β1;p−1;β1;p;

β2;0;β2;1−β2;0;…;β2;p−β2;p−1;β2;p;…;βp;0;βp;1−βp;0;…;βp;p−βp;p−1;βp;p

and for Eq. (6b) we have

ϕ2 kqð Þ ¼ v1 kqð Þ; v2 kqð Þ;…; vp kqð Þ
 �T∈Rp�1 ð14b

ϴ ¼ b1; b2;…; bp; c

 �T

As soon as we obtain the estimation for fe−
T
a jg (Eq. (11)), th

intermediate variable will be easily calculated based on Eq. (6a). An
then, {φ2(kq)} would be obtained. Therefore, the model identificatio
for Eq. (6b) could follow the algorithm in Eq. (13) absolutely. Howeve
the primary variable is sampled every other qT, and we do not have th
intersamples {y(kq + i),i = 1,2,…,q − 1}. Thus, {φ1(kq)} cannot b
obtained at each recursion. To overcome the problem, auxiliary mode
technique is utilized to substitute the intersamples with their estima
tions. From Eq. (10), we have the auxiliary model as

ŷ kq−ið Þ ¼ ϕ̂1
T
kq−ið Þθ̂ kq−qð Þ ; i ¼ 1;2;…; q−1 ð15
φ̂1 kq−ið Þ ¼ ½−ŷ kq−i−1ð Þ;−ŷ kq−i−2ð Þ;…;−ŷ kq−i−p−1ð Þ;u1 kqð Þ;u1 kq−1ð Þ;…
u1 kq−pð Þ;u2 kqð Þ;u2 kq−1ð Þ;…;u2 kq−pð Þ;…;up kqð Þ;up kq−1ð Þ;…;up kq−pð Þ�T

Eq. (15) is defined as primary auxiliary model, ϕ̂1ðkq−iÞ represent
the information vector estimation.

In general, soft sensor systems are stable and there have the tim

constants {ai} N 0 or fe−
T
a jb1g. However, during the recursion process

it may appear that the above conditions do not satisfy. The estimation
from Eq. (15) would diverge, especially for the case of large samplin
period ratio, and the recursion will cease at this time. This may als
happen for other algorithms based on auxiliary model. Therefore, a sec
ondary auxiliary model is first proposed to assist providing intersampl
estimations, and it could be expressed in an abstract form as

ŷ kqþ ið Þ ¼ N u1 kqþ ið Þ;u2 kqþ ið Þ;…;up kqþ ið Þ� �
; i ¼ 0;1;2;…; q−1 ð16

N(•) refers to some nonlinear model, which is built based on th
measured data {y(kq),u1(kq),u2(kq),…,up(kq)}.

These two auxiliary models work in a switching mechanism: th
information vector estimation is provided mainly by primary auxiliar
model (Eq. (15)); when the intersample estimations appear divergen
the secondary one (Eq. (16)) functions.

Finally, the following DAM-SNR algorithm will be adopted for th
identification of Eq. (10):

θ̂ kqð Þ ¼ θ̂ kq−qð Þ þ ρ kqð ÞR−1 kqð Þφ̂1 kqð Þ y kqð Þ−φ̂1
T kqð Þθ̂ kq−qð Þ

h i
R kqð Þ ¼ R kq−qð Þ þ ρ kqð Þ φ̂1 kqð Þφ̂1

T kqð Þ−R kq−qð Þ
h i

8<
:

ð17

And the switching mechanism is shown in Fig. 1.
For this algorithm, there are several remarks to illustrate:

(1) The main purpose of adopting secondary auxiliary model is t
guarantee the identification for Eq. (10). There are several rea
sons for choosing nonlinear model: first, Khargonekar pointe
out that the samples at the slow sampling period exhibite
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Fig. 2. The identification procedure for soft sensor model.
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periodically time-varying characteristics, and this characterist
could be embodied by some nonlinear model which was bui
with the slow sampled data [20]; secondly, there have bee
many researches on nonlinear models for soft sensor system
and successful applications [17,21-23]. Even so, it could not b
substituted for the proposed model, and the explanation coul
refer to [6,7].

(2) The secondary auxiliarymodel onlyworkswhen the intersampl
estimations diverge. The reliability of the intersample estima
tions from the primary auxiliary model is consolidated whe
themodel parameters approach to the true values, and promote
the convergence of the parameters in turn. Therefore, th
secondary auxiliary model may not provide the intersampl
estimations alone and only acts as necessary. On the othe
hand, the divergent phenomenon generally appears at th
preliminary stage of the recursion process. In most cases, jus
the primary auxiliary model works, and this will be shown i
the case study.

(3) When the intersample estimations appear divergent, the prev
ous parameter estimations could not be used to provide informa
tion vector estimations. If so, the recursion is more likely to ceas
with this parameter estimations.

(4) We give the judgment criteria for the divergent phenomenon
set a threshold δ for primary variable according to actual situa
tion; if the intersample estimation from the primary auxiliar
model keeps on exceeding to the threshold, the estimations ar
regarded to be divergent.

5. Identification Procedure

We have the identification procedure for the proposed soft senso
model:

(1) Select one type of nonlinear model and train it off-line based o
sufficient measurements {y(kq),u1(kq),u2(kq),…,up(kq), k =
1,2,…}. Then, we obtain the secondary auxiliary model N(•).

(2) Initialize θ̂ð0Þ ¼ ε1∈Rðpþ1Þ2�1, R(0)=γ1
2I∈R(p+1)2×(p+1)2 for th

identification of Eq. (10); set θ̂ð0Þ ¼ ε2∈Rp�1 , R(0)=γ2
2I∈Rp×

for the identification of Eq. (6b). Here, ε1 and ε2 are sufficientl
small positive real vectors; γ1 and γ2 are sufficiently large rea
numbers.

(3) For Eq. (10), make use of θ̂ðkq−qÞ to estimate the intersample
before kq. If the intersample estimations are bounded, use th

primary auxiliary model to provide ϕ̂ðkqÞ; otherwise, adop
N(•). Update the model parameters of Eq. (10) based on th

algorithm of Eq. (17) and obtain the estimation for fe−
T
a j

based on Eq. (11). The estimations of {vi(kq)} will be obtaine
by Eq. (6a).

(4) For Eq. (6b), use the algorithm of Eq. (13) to update the pa

rameters θ̂ðkqÞ with the estimations of intermediate variabl
from step (3) and the primary variable measurements.

(5) Repeat step (3) until the final convergence of all parameters

The specific identification procedure is shown in Fig. 2.

6. Case Study

The pH neutralization happens with acid stream(H2SO4) and bas
stream(NaOH) mixed in the reactor of the laboratory(Department o
Automation, China University of Petroleum Beijing), and this proces
is studied in this part. For this soft sensor system, the acid stream flow
and base stream flow represent secondary variables (shown in Fig. 3
and pH value represents the primary variable.
This experiment is conducted for more than 30 min, and the fas
sampling period is 3 s and the slow one is 6 s. 150 groups of sample
are used for model training. The pH value is sampled at slow samplin
rate, and the acid and base stream flow are sampled at fast one. T
illustrate the effectiveness of the proposed model in this study, SVM
[4] and RBF-ARX-based [24] models are built for comparison. Thes
two models are introduced as representative nonlinear model and th
nonlinear dynamic one, respectively. At the same time, the traine
SVM model serves as the secondary auxiliary model. In addition, th
previous model with single time constant in our last studies [6,7]
also trained.

For SVM model, the most used Gaussian kernel e
−γkxi−x jk2

2 i
adopted here. The cross-validation strategy is used to determin
the regularization parameter C, the precision threshold ε, and th
kernel parameter γ. For RBF-ARX-based model, the structured non
linear optimization method is utilized to determine the number o
neurons and parameters. For the proposed model, the algorithm
of Eqs. (13), (17) are used for obtaining the dynamic and stati
model parameters respectively with ρ(kq) = 1 / k. The fina
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(a) acid stream flow 

(b) base stream flow 

Fig. 3. Acid stream flow and base stream flow.

(a) estimations from the improved model 

(b) estimations from the previous model 

(c) estimations from the RBF-ARX-based model 

(d) estimations from the SVM model 

Fig. 4. pH values and model estimations. ——:pH values; +:pH estimations.
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estimations for pH value based on the four models at fast samplin
periods are shown in Fig. 4.

It is obvious from Fig. 4 that the proposed model provides bette
estimations for the pH values with MSE (mean square error) = 0.08
However, the estimation errors from the previous model, the RBF
ARX-based and SVM models are larger with MSE = 0.17, 0.5, 0.8
respectively. Compared with the estimation results, the model in thi
paper shows more effectiveness for describing this soft sensor system
The SVM model could be actually regarded as a nonlinear mode
which only reveals the static relationship between input and outpu
data. However, the pH neutralization process is always in dynami
state, and the sampled data contain dynamic information. Therefore
the SVM model may not estimate the pH value accurately. On th
other hand, the ARX-RBF-based model incorporates the state
dependent ARX model in nonlinear dynamics description and the RB
network in function approximation. The description of the static an
dynamic characteristics of this process is integrated within th
autoregression structure, which limits the estimation accuracy. There
fore, the proposed model structure does show more accuracy for thi
soft sensor system than the SVM and RBF-ARX-based models. Makin
comparison of the previous model and the improved one, we find tha
the improved one has smaller estimation error, which illustrates tha
the acid and base stream flows indeed affect the pH values in differen
speed. Therefore, taking multi-dynamic-characteristics into consider
ation does improve the accuracy of the model.

Fig. 5 shows the action of auxiliary models (150 times in total), “1
represents that the secondary auxiliary model functions; otherwise
the primary one works. It can be seen that the secondary auxiliar
model acts for twice, which indicates that there indeed exists th
divergence of intersample estimations from primary auxiliary mode
Although the action number is few, the secondary auxiliary model i
very critical to guarantee the identification process. On the other hand
it functions at the preliminary stage of the identification, and th
intersample estimations are obtained from the primary auxiliar
model in most of the time.
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7. Conclusions

In this paper, the separation ofmulti-dynamic and static characteris
tics based soft sensor model is proposed. The dynamic and stati
submodels build the dynamic and static relationships between second
ary and primary variables respectively. The proposed model show
more effectiveness for describing soft sensor system, which has bee
confirmed in the laboratorial case. And the improvement makes th
model more accurate and practical. Actually, we mainly focus on th
concept and thought of the characteristics-separation-based mode
rather than the specific expression.We hope this type of model has cer
tain inspiration and help for soft sensor modeling.

Wehavemade other contributions in this study. Given that themode
structure, substep identification mode is better for obtaining more accu
rate model parameters. Then, the SNR algorithm is studied and adopted
To guarantee the identification process, two auxiliary models are utilize
to offer intersample estimations in switching mechanism. And based o
the auxiliary models, DAM-SNR algorithm is proposed and adopted fo
identifying soft sensor model together with the SNR algorithm. Th
double-auxiliary-model method is first put forward, and indeed give
great help for model identification. Although some development ha
been obtained, there are some shortages of the research in this pape
For example, The forgetting factor has great deal with the convergenc
speed and estimation error, and there must have the optimal choice
for {ρ(kq)}. Therefore, some way should be found to determine the for
getting factor in real-time to adapt to working condition change.
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