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Abstract: To design controllers for nonlinear processes, a sparse kernel learning adaptive predictive controller with an

analytical form is extended to the updated form using the selective recursive kernel learning method. The online kernel

learning model can be efficiently updated with node increment and decrement via recursive learning algorithms. Conse-

quently, the proposed kernel controller can restrict its complexity and adaptively trace the time-varying characteristics of a

process to achieve better performance. Simulation of the proposed kernel controller for a nonlinear time-varying process is

performed. In comparing with the traditional PID controller and the related kernel controller without online updating, this

controller exhibits more satisfactory adaptation and robustness.
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2 (Kernel learning

adaptive predictive controller)
[10,15]⎧⎪⎪⎪⎨

⎪⎪⎪⎩
y(k+1)=f [Y (k) u(k) U(k−1)]=f [x(k)],
x(k)=[Y (k) u(k) U(k − 1)],
Y (k)=[y(k) · · · y(k − ny + 1)],
U(k − 1)=[u(k − 1) · · · u(k − nu + 1)],

(1)

: u(k) y(k) k

, nu ny , f(·)
. SKL f(·)

ym(k + 1)[10]:

ym(k + 1) = SKL[x(k), a(k)] =
1
γ

Nk∑
i=1

aNk,iK〈x(i), x(k)〉, (2)

: Nk k (nodes, SVM

) ; K〈x(i), x(k)〉 ; a(k) k

SKL , aNk,i ; γ [10].

e(k) = y(k) − ym(k)
ym(k + 1)[6,9∼11]:

yp(k + 1) = ym(k + 1) + e(k). (3)

[6,9∼11]:

J [u(k)]= [E(k+1)]2+λ[u(k)−u(k−1)]2, (4)

: E(k+1) = yr(k+1)−yp(k+1) = yr(k+1)−
ym(k+1)−e(k), yr(k) k ,

, Δu(k) = u(k) − u(k − 1)
, λ(λ > 0) .

,

, . [9]

,

Taylor :

u(k) = u(k−1)+
μ(k)Ẽ(k+1)

∂SKL

∂u(k)
|u(k−1)

λ + [
∂SKL

∂u(k)
|u(k−1)]2

, (5)

: Ẽ(k+1)=yr(k+1)−SKL[x̃(k)]−e(k)
, SKL[x̃(k)] SKL ,

∂SKL

∂u(k)
|u(k−1) u(k − 1) SKL ,

μ(k) (adaptive modification

item, AMI), Taylor

. [9] , k

:

u(k) = u(k − 1) +
Ẽ(k + 1)

∂SKL

∂u(k)
|ū(k−1)

, (6)

: ū(k−1) ∈ [u(k−1), u(k)], ū(k−1) =
1
2
[u(k− 1) + u(k)][9]. Taylor

, μ(k)
, SKL–ATL(adaptive Taylor lineariza-

tion) .

3 SKL–ATL (Online un-

dating of SKL–ATL controller)
3.1 (Complexity strategy of

controller)
SKL

, .
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SKL (

SVM ) [6∼11] . ,

SKL ,

,

.

SKL Nk

. SKL

, [15]

,

(selective recursive kernel learning, SRKL)

.

δ (prediction error

bound, PEB), .

:

|e(k + 1)| = |y(k + 1) − ym(k + 1)| > δ. (7)
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;

, ,

. , [14]
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, ,
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3.2 (Recursive updating of

controller)
k SRKL ,

[15]:

[KNk
+ INk

]aNk
= yNk

. (8)

HNk
=KNk

+INk
, PNk

=H−1
Nk

, SRKL

aNk
= PNk

yNk
. (9)

, (8)[
HNk

VNk+1

V T
Nk+1

vNk+1

][
aNk

aNk+1

]
=

[
yNk

yNk+1

]
, (10)

: vNk+1=K〈xNk+1 , xNk+1〉+
1
γ

, VNk+1=

[K〈x1, xNk+1〉 · · · K〈xNk
, xNk+1〉]T/γ

. aNk

HNk
PNk

.

, PNk+1
[15]

PNk+1 =

[
PNk

0
0 0

]
+ rNk+1r

T
Nk+1

zNk+1 , (11)

: rNk+1 = [V T
Nk+1

PNk
− 1]T, zNk+1 =

1
vNk+1 − V T

Nk+1
PNk

VNk+1

.

, O(N 3
k
) O(N 2

k
). ,

SRKL , PNk+1

PNk
, .

,

;

,

, .

,

. [14] |a(k)|
,

|a(k)| .

,

. [15] ,

,

,

. ,

.

, HNk

, , [15]

. ,

O(Nk
3) O(Nk

2).

SRKL ,

, SRKL–ATL

. Gaussian (K〈x(i), x(k)〉 =
exp(−‖x(i) − x(k)‖2/σ2), σ ), SRKL

ym(k +1) =
1
γ

Nk∑
i=1

aNk,i exp(−‖x(i) − x(k)‖2

σ2
).

(12)

(12) :

Ẽ(k+1)=yr(k+1)−e(k)−
1
γ

Nk∑
i=1

aNk,iexp(−‖x(i)−x(k)‖2

σ2
), (13)

∂SRKL

∂u(k)
|ū(k−1) =

2
γσ2

Nk∑
i=1

aNk,iexp(−‖x(i) − x(k)‖2

σ2
) ·

[xny+1(i) − ū(k − 1)], (14)

: SRKL

, x̃(k) = [Y (k) u(k − 1) U(k − 1)], x̄(k) =
[Y (k) ū(k − 1) U(k − 1)], xny+1(i) x(i)
ny+1 . (6)(13)(14) Gaussian

SRKL–ATL .

, SRKL–ATL SRKL

.
[6∼11] :

(

). , SRKL

,

,

; , ,

, ,

. SRKL–ATL
[6∼11]

.

4 (Simulation study)
[3,4] SRKL–ATL
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PID[4] SVM–ATL [4]
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; [4]

,

. [3,4]

y(k + 1) =

0.9722y(k) + 0.3578u(k) −
0.1295u(k − 1) − 0.3103y(k)u(k) −
0.04228y2(k − 1) + 0.1663y(k − 1)u(k − 1) −
0.03259y2(k)y(k − 1) − 0.3513y2(k)u(k − 1) +

0.3084y(k)y(k − 1)u(k − 1) +

0.1087y(k − 1)u(k)u(k − 1). (15)

x(k)= [y(k) y(k−1) u(k) u(k−1)][3,4],

Gaussian , γ = 0.0001
σ = 10 [15], PEB δ = 0.02

,

, λ 0.01.

4.1 PID (Comparsion with PID con-

troller)
[4] SRKL–

ATL , . 1

,

[4]

, [3] .

1 SRKL–ATL

Fig. 1 Process output tracking of SRKL–ATL

SRKL–ATL AMI

u(k), , AMI

. , SRKL

( ) ,

; ,

, SRKL ,

[14] .

SRKL , 50

13 , 26%.

SRKL–ATL ,

SRKL–ATL PID[4]

, SRKL–ATL .

,

0, 0.02 , k = 25
k = 75 .

2 ,

,

SRKL–ATL ,

; PID

, .

(integrated absolute error, IAE)

, SRKL–ATL PID IAE 8.21 10.10

( 2 ). ,

100 Monte Carlo , SRKL–ATL PID

IAE 8.33 10.42. , SRKL–ATL

( ) PID,

.

2

Fig. 2 Comparison of noise and disturbance rejection

SRKL–ATL ,

. 3 ,

SRKL–ATL PID , SRKL–

ATL

. PID

, PID ; ,

, , PID

, . SRKL–

ATL PID .
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3

Fig. 3 Performance comparison for hybrid waves

4.2 (Comparsion of pruning strate-

gies)
3 , δ

SRKL ,

[14]

. , δ ,

SRKL Nk , N

.

3 , N = 50, 1 δ

SRKL SRKL–ATL

( IAE ),

. δ = 0.002 δ = 0.001 , SRKL

,

.

1 δ SRKL SRKL–ATL

Table 1 The effect of different δ on performance of

SRKL identification model and SRKL–ATL

controller

SRKL–ATL (N = 50) PID

δ 0.02 0.01 0.005 0.002 0.001

IAE 3.70 3.10 2.84 2.64 2.56 14.05

Nk 20 32 46 50 50

Time/s 0.33 0.34 0.39 0.72 0.80 0.06

, N = 20, 2

δ , [14]

.

,

[15]. , [14]

, δ = 0.002 δ =
0.001 , .

, [14] .

2

Table 2 The effect of different pruning methods on

controller’s performance

SRKL–ATL (N = 20)

δ 0.02 0.01 0.005 0.002 0.001

IAE 3.70 3.03 2.72 2.57 2.51

[14] IAE 3.70 3.23 3.02 2.88 2.97

4.3 : SVM–ATL
(Comparsion with SVM–ATL controller with-

out online updating)
SRKL–ATL ,

. 1

(15)

y(k + 1) = 0.8y(k) + 0.5u(k) + · · · ,

25 � k � 75.
(16)

(15) .

4 , , SRKL

( ), AMI ,

. , PID ,

. , SRKL–ATL

PID

.

4 1
Fig. 4 Performance comparison of SRKL–ATL and PID

(process time-varying scenario 1)
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0.9722y(k) + 0.3578pk1u(k) − 0.1295u(k − 1) −
0.3103pk1y(k)u(k) − 0.04228y2(k − 1) +

0.1663y(k−1)u(k−1)−0.03259y2(k)y(k−1) +

model mismatch, (17)

: pk1 =1+0.03k, pk2 =1+0.03k.

5 SRKL–ATL SVM–

ATL[9] . SRKL

, SRKL–ATL

SVM–ATL . SRKL ,

(

), . ,

SVM–ATL ,

, ,

, . ,

,

, .

5 2 ( )

Fig. 5 Performance comparison of SRKL–ATL and

SVM–ATL(process time-varying scenario 2)

5 (Conclusion)
SKL

. SKL

,

, . SRKL–

ATL , ,

.

SRKL–ATL

, PID

.
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