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Abstract: Mooney viscosity having significant impact on the properties of the polymer is very difficult to be measured

online. A new modeling method using two-stage recursive kernel-learning is proposed for online modeling and prediction

of Mooney viscosity in the rubber mixing processes. The model can be established online for each recipe and recursively

updated to adapt fast changes of the process. In the present method, a novel error evaluation index is formulated based on

the mixing properties. The model parameters are online selected adaptively, using the fast leave-one-out cross validation

criterion, to overcome the embarrassment of parameter selection. An industrial system named as Smart Mixing Information

Integrated & Control System has been developed and successfully applied to several large-scale rubber and tire manufac-

turers in China. The results of Mooney viscosity online prediction show that the developed method is very efficient and

thus has real economic importance for rubber mixing processes.

Key words: rubber mixing process; Mooney viscosity; kernel-learning; recursive estimation; parameter selection; cross
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2 (Adaptive re-

cursive kernel learning modeling theory)
2.1 MIMO (Kernel learn-

ing modeling method for MIMO process)

f : X → Y S = {(x1,

y1), · · · , (xN , yN)}⊂ X × Y , x , y

. φ(x):

X → H S H,

.

MIMO [7]

yk,m = f(wk,m, bk,m,xk) + ek,m =

wT
k,mφ(xk) + bk,m + ek,m, (1)

: f ∈ H ; yk,m k m

, m = 1, · · ·,M , M

; xk ,

; wk,m bk,m k m

; ek,m .

MIMO

(recursive least squares support vector regression,

RLSSVR)[6] f :

min J (wk,m) =
1
2
‖wk,m‖2 +

γ

2
‖ek,m‖2

, (2)

s.t. yi,m − wT
i,mφ(xi) − bi,m − ei,m = 0,

i = 1, · · · , k. (3)

: ek,m = [e1,m e2,m · · · ek,m]T; ‖wk,m‖2
/2

. γ>0 ,

. (2)

:[
Kk + Ik/γ 1k

1T
k 0

][
αk,m

bk,m

]
=

[
yk,m

0

]
, (4)

: yk,m = [y1,m · · · yk,m]T, Ik ∈ R
k×k

, 1k = [1 · · · 1]T ∈ R
k 1 ; Kk

, Mercer [4,5], Kk (i, j) =
〈φ (xi) , φ (xj)〉 ,∀i, j = 1, · · · , k . Hk = Kk +
Ik/γ , Pk = H−1

k , (3) :⎧⎪⎪⎨⎪⎪⎩
αk,m = Pk[yk,m − 1k1T

k Pkyk,m

1T
k yk,m1k

],

bk,m =
1T

k Pkyk,m

1T
k yk,m1k

.
(5)

k + 1 :

f(wk,m, xk+1) = αT
k,mkk+1 + bk,m. (6)

: αk,m = [αk,m,1 · · · αk,m,k]
T

k m

, wk,m =
k∑

i=1

αk,m,iφ (xi) ;

kk+1 (i) = 〈φ (xi) , φ (xk+1)〉 ,∀i=1,· · ·, k k + 1
.

2.2 (Adaptive model param-

eter selection)

. ,

. ,

.

[4,5],

, .

(leave-one-out, LOO)[4,5]

, . [9]

LOO (fast LOO, FLOO)

, [6]

.

, ,

FLOO ,

.

γ

σ. Gaussian K (xi,xj) =
exp(−‖xi−xj‖2

/σ2), Spar =
[γS, σS]. k Nk(Nk � 1) ,

Nk = {(x1, y1), · · · , (xNk, yNk)}.

, (4)[
KNk

+ INk
/γ 1Nk

1T
Nk

0

]
=

[
q11 qT

1

q1 Q1

]
= Q. (7)

(8) (9) :

q11α1,m + qT
1

[
αT

Nk,m bNk,m

]T
= y1,m, (8)

[q1 Q1]
[
αT

Nk,m bNk,m

]T
=

[
yT

Nk,m 0
]T

. (9)

: αNk,m yNk,m αNk,m yNk,m
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1 ,

αT
Nk,m =

[
α1,m αT

Nk,m

]T
,

yT
Nk,m =

[
y1,m yT

Nk,m

]T
.

FLOO , i

RLSSVR α
(−i)
Nk,m b

(−i)
Nk,m,

1 , FLOO

1 ( (8) (9) )[6]

ŷ
(−1)
1,m = y1,m − α1,m

(
q11 − qT

1 Q−1
1 q1

)
. (10)

, [10] :[
q11 qT

1

q1 Q1

]−1

=[
c−1 − c−1q1Q

−1
1

Q−1
1 +c−1Q−1

1 qT
1 q1Q

−1
1 − c−1Q−1

1 qT
1

]
, (11)

c = q11 − qT
1 Q−1

1 q1. , FLOO

1

eFLOO
1,m = y1,m − ŷ

(−1)
1,m = α1,m/Q−1

11 . (12)

(4) ,

. , FLOO

i [6]

eFLOO
i,m = yi,m − ŷ

(−1)
i,m = αi,m/Q−1

ii . (13)

, Q [10]

Q−1 PNk
:

Q−1 =

[
PNk

+PNk
1Nk

1T
Nk

PNk
/o −PNk

1Nk
/o

−1T
Nk

PNk
/o 1/o

]
,

(14)

o = −1T
Nk

PNk
1Nk

. , Q−1 PNk

Nk :

Q−1
ii = PNk,ii + s2

i /o, i = 1, · · · , Nk, (15)

s = PNk
1Nk

= [s1 · · · sNk
]T. (15)

(13)

eFLOO
i,m = αi,m/

(
PNk,ii + s2

i /o
)
, i = 1, · · · , Nk.

(16)

, FLOO

EFLOO
Nk

=
Nk∏
i=1

eFLOO
i , (17)

eFLOO
i =

[
eFLOO

i,1 · · · eFLOO
i,M

]T
.

FLOO

, arg min EFLOO
Nk

.

αi,m PNk,ii , s o ,

, eFLOO
i,m O(Nk). FLOO

EFLOO
Nk

( PNk
),

LOO 1/Nk.

,

(17)

( ),

.

±3 ±5

. , ±3 ( E3P),

FLOO ±3 :

E3P =
∑

(|eFLOO
i | � 3)
Nk

, i = 1, · · · , Nk. (18)

:

EFLOO
Nk

= (1 − E3P)
Nk∏
i=1

eFLOO
i . (19)

FLOO

, , .

,

,

, .

2.3 (Two-stage recursive update)

, ,

,

, .

k + 1 , [xk+1, yk+1] (

[xNk+1 , yNk+1]), .

αNk+1,m bNk+1,m PNk+1(

(4) (5), Nk).

PNk+1
[10]

PNk+1 =

[
PNk

0
0 0

]
+ rNk+1r

T
Nk+1

zNk+1 , (20)

:

rNk+1 = [V T
Nk+1

PNk
, −1]T,

zNk+1 = 1/(vNk+1 − V T
Nk+1

PNk
VNk+1)

vNk+1 = K(xNk+1 , xNk+1) + 1/γ

,

VNk+1 = [K(x1, xNk+1) · · · K(xNk
, xNk+1)]

T.

, PNk+1 PNk
,

. ,

O (
N 3

k

) O (
N 2

k

)
.

,
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,

; , ( )

, ,

.
[7],

|α| [5],

. 2.2

i (16)

, αi,m . [6]

, FLOO[9] ,

FLOO :

arg min
M∏

m=1

eFLOO
i,m , i = 1, · · · , Nk.

, ,

.

, (

) Nk > N

;

, .

.

,

.

3 :
(Industrial application: Mooney viscos-

ity online modeling and prediction of rubber

mixing process)
3.1 (Smart mix-

ing information integrated & control system)

, (smart

mixing information integrated & control system, SMS),

. ,

SMS .

:

1) ,

;

2) ( ) ,

, .

1

,

,

. ,

.

2 , .

, ,

.

,

, .

1

Fig. 1 SMS and its advanced model module

2

Fig. 2 Advanced model store of SMS

3.2 (Online mod-

eling and prediction of Mooney viscosity)
3 .

, (2 3 ,

20 ) .

:

Step 1 : 1

,

; 1

( (20)),

( (19));

, ;

Step 2 : ,

;

Step 3
Nk > N , ;
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Step 4 , Step1.

3

Fig. 3 Mooney viscosity online prediction flowchart

3.3 (Industrial application results)

,

. 2007 12 2008 1

1# 2# , 6 2

. 400

,

.

1Q510

,

. F370, UCAN

, 2007 12 120

. 1 3

, (maximal

error, ME) (root mean square error,

RMSE) (relative RMSE, RE)

2 3 (

E2P E3P).

1

, RMSE 2.08

, 5.23%,

.

,

, ,

,

,

, .

FLOO ,

,

.

1 1Q510

Table 1 Online quality prediction performance

comparison of recipe 1Q510

(γ, σ2)
RMSE RE/% ME E2P/% E3P/%

FLOO 2.08 5.23 6.69 70.8 83.3

(100,20) 2.80 6.83 7.15 64.6 76.0

(10,100) 2.15 5.40 7.00 66.7 83.3

(500,2) 3.34 8.26 8.82 43.8 63.5

4 1Q510

, . 1

, ; 2 ,

, , ;

. 1 4

2007 12 ,

3 .

, ,

.

4

Fig. 4 Mooney viscosity online prediction result

5 SMS

( ). ,
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;

,

. ,

FLOO

,

.

5

Fig. 5 Industrial application interface of Mooney viscosity

online prediction

4 (Conclusion)
,

, ,

,

.

,

, ,

, .

,

.
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