
Improved Sliding Window Kernel RLS
Algorithm for Identification of Time-Varying

Nonlinear Systems

Xinyu Guo1, Menghua Jiang1, Ying Gao1, Shifeng Ou1(B), Jindong Xu2,
and Zhuoran Cai1

1 School of Optoelectronic Information Science and Technology, Yantai University,
Yantai 264005, China

ousfeng@ytu.edu.cn
2 School of Computer and Control Engineering, Yantai University, Yantai 264005, China

Abstract. The sliding window kernel recursive least squares (SW-KRLS) algo-
rithm is one of the most widely used approach in dealing with nonlinear problems
because of its simple structure, low computational complexity and high predic-
tive accuracy. However, as data size increases, the computational efficiency of the
SW-KRLS algorithm will be affected by the redundant data and the size of sliding
window. In order to solve these problems, this paper proposes a variable sliding
window sparse kernel recursive least squares (VSWS-KRLS) algorithm. It first
uses the sliding window to constrain the size of the novelty criterion dictionary.
After that, the algorithm combines the improved novelty criterion with the SW-
KRLS to remove the less relevant data. In addition, mechanisms for window size
adjustment are added to adjust the size of sliding window adaptively according to
the system changes. The experimental results show that the proposed algorithm
has better performance in identification of nonlinear system.

Keywords: Kernel recursive least squares · Nonlinear system · Variable sliding
window · System identification

1 Introduction

Adaptivefiltering algorithm iswidely used in system identification, channel equalization,
echo cancellation and other fields [1–4]. In 1950, Plackeet first proposed the recursive
least squares [1] (RLS) algorithm, which has fast convergence and small prediction error.
In 1960, Widrow and Hoff proposed the least mean square algorithm [5] (LMS), which
is widely used because of its simple calculation and good convergence performance.
However, the effect of linear filters in dealing with nonlinear problems is not ideal. In
recent years, kernel methods [6] have been widely used to deal with nonlinear problems,
such as support vector machines [7], kernel principal component analysis [8], Nuclear
adaptive filter [9] and so on. The kernel recursive least squares [10] (KRLS) algorithm
wereproposedbyEngel in 2004.This algorithmsolves the nonlinear inseparable problem
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by projecting the input data to the Hilbert space (Reproducing Kernel Hilbert Space,
RKHS), and using the positive definite kernel function that satisfies the Mercer [11]
condition to calculate the inner product. The projection is shown in Fig. 1. Because the
KRLS algorithm has a strong tracking ability in solving nonlinear problems, it has been
successfully applied in data mining, machine learning and other fields [12–14].

Fig. 1. Nonlinear mapping from input space to feature space.

But due to the high computational complexity of the algorithm, it is difficult to com-
plete, so most studies mainly concentrated on the sparsification of the KRLS algorithms.
In 2006, Van Vaerenbergh et al. proposed a sliding window based kernel recursive least
squares algorithm [15] (SW-KRLS), which used a sliding window to limit the growing
kernel matrix. This algorithm obtains lower computational complexity while retain-
ing the advantages of KRLS. In 2010, Van Vaerenbergh et al. proposed a fixed budget
recursive least squares algorithm [16] (FB-KRLS), which used the distance between the
sample and the dictionary as a constraint to the sample sparsification. In 2013, Chen
et al. proposed the quantized kernel recursive least squares [17] (QKRLS), which used a
quantizedmethod to reduce the input dimension. In 2018,Han et al. proposed an adaptive
dynamic adjustment kernel recursive least squares method [18] (ADA-KRLS), which
performs online sparsification by combining fixed budget with dynamic adaptation. In
2019, Han et al. proposed an adaptive normalized sparse quantized kernel recursive least
squares [19] (ANS-QKRLS), which integrated dynamic adjustment, coherence criterion,
approximate linear dependency criterion and the QKRLS algorithm for online sparsifi-
cation. Zhong et al. proposed a dynamic adaptive sparse kernel recursive least squares
[20] (DASKRLS) in 2020. It used approximate linear dependency (ALD) and online
vector projection standards to make the data sparse, and combined with regularized
maximum correlation entropy to deal with the noise impact on data. The literature [21]
proposed an initial framework with forgetting factor on the basis of KRLS (FFIKRLS),
which combines the ALD-KRLS algorithm with the QKRLS algorithm, and introduces
a forgetting factor to sufficiently track the strongly changeable dynamic characteristics.

In summary, research based on KRLS has made good progress. However, in the face
of the increasing kernel matrix size, online prediction also faces enormous challenges. In
addition, KRLS has some difficulties in accommodating abrupt change. Because KRLS
is based on mean square error (MSE) criterion, which is sensitive to the change. So the
mutation value in the kernel matrix will affect the convergence of the algorithm. For
the above problems, the variable sliding window sparse kernel recursive least squares
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(VSWS-KRLS) algorithm proposes a suitable solution. In this paper, we present three
major contributions:

• We reduce kernel matrix size by combining sliding window and novelty criterion
with KRLS. A lot of irrelevant data in the sliding window will affect the convergence.
Therefore, in order to improve calculation efficiency, we add a novelty criterion, which
can raise the threshold of entering kernel matrix.

• We propose a new variable sliding window technology to enhance the capability of
algorithm to track system changes. This method can adaptively adjust the window
size according to the system environment.

• The algorithm has performed system identification experiments in the Wiener
nonlinear systems, and has achieved good results.

The rest of this paper is arranged as follows: In Sect. 2, we introduce the KRLS algo-
rithm. In Sect. 3, we introduce several common sparse methods. In Sect. 4, we introduce
the proposed methods in this paper. In Sect. 5, we conduct simulation experiments. In
Sect. 6, we present our conclusions and prospects.

2 Kernel Recursive Least Squares Algorithm

2.1 Recursive Least Squares Algorithm

The least squares [22] (LS) algorithm does not need to make assumptions about the
statistical characteristics of the input signal. The RLS algorithm is a recursive extension
of the LS algorithm, which can recursively update the estimated value by applying the
old data. For the training data, the RLS algorithm estimates the filter coefficients ωi−1
by minimizing the cost function. The cost function is:

J (ω) = min
ω

i−1∑

j=1

∥∥dj − ujω
∥∥2 (1)

The function is computed as:

ωi−1 = (Ui−1UT
i−1)

−1Ui−1di−1 (2)

where Ui – 1 = [u1, u2, …, ui – 1]L×(i – 1), uj is the input vector at time j, di – 1 = [d1, d2,
…, di – 1]T , dj is the expected response at time j. By introducing the matrix inversion
lemma (Woodbury identity), the RLS algorithm can be updated:

ri = 1 + uTi Pi−1ui (3)

ki = Pi−1ui/ri (4)

ωi = ωi−1 + kiei (5)

Pi = Pi−1 − kikTi ri (6)

The RLS algorithm uses the inverse of the correlation matrix to whiten the input
data, which improves the convergence performance of the filter.



206 X. Guo et al.

2.2 Kernel Recursive Least Squares Algorithm

The KRLS algorithm projects the input data to the RKHS based on the RLS algorithm,
and it can solve the nonlinear relationship without knowing the specific mapping form
of input. Supposed that X represents the original space, X = [x1, x2,…,xn] ∈ RN, H
represents the Hilbert space, and the mapping ϕ is represented as:

ϕ : X → H, x → ϕ(x) (7)

ϕ(x) represents the projection of x in the feature space, and the nonlinear mapping
is realized by the kernel function:

κ(xi, xj) = <ϕ(xi), ϕ(xj)> (8)

where <, > represents the inner product operation. As the kernel function used in this
paper, the Gaussian kernel function is expressed as:

κ(xi, xj) = exp(−∥∥xi − xj
∥∥2/2σ 2) (9)

where σ represents the Gaussian kernel parameter. In KRLS algorithm, Given the
expected sequence {d1, d2,…} and the input sequence {ϕ1, ϕ2,…}, the cost function:

J (ωi) = min
ω

i∑

j=1

∥∥∥dj − ϕT
j ωi

∥∥∥
2

(10)

where dj and ϕj represent the expected sequence and the input sequence. We assume
that �i = [ϕ(x1),…,ϕ(xi)], and a n × n-dimensional kernel matrix is defined as:

Ki = �T
i �i (11)

when ωi = �iai, the cost function of the KRLS algorithm at time i can be obtained:

J = min
ai

‖di − Kiai‖2 (12)

where ai = [a1,a2,…,ai]T is the weight vector and di = [d1,d2,…,di]T is the expected
output vector. The estimated value of αi is as follows:

âi = K̂−1
i di (13)

The kernel matrix is expressed as:

K̂i =Ki+λI (14)

where λ is the regularization factor. Unlike the RLS algorithm, the KRLS algorithm
focuses on updating the kernel matrix during recursion. However, as the input data
increases, the size of the kernelmatrix is expanding, so theKRLS algorithm optimization
problem has been transformed into the sparse problem of the kernel matrix.
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3 Sparsification

The previous part makes a summary of the RLS algorithm and the KRLS, and compares
the two algorithms. This part will introduce some common sparse methods.

3.1 Novelty Criterion and Approximate Linear Dependency

In the KRLS algorithm, the size of the kernel matrix will upsize linearly with the update,
which will bring challenges to online prediction. Therefore, many sparse methods have
been proposed, the novelty criterion [23] (NC) is a simple way to check whether the
newly data is useful. In 2004, Engel et al. proposed the approximate linear correlation
criterion [10] (ALD) to solve this problem. Besides, Richard et al. studied another similar
method, called the coherence criterion [24]. This paper mainly introduces NC and ALD
online sparse methods.

In the novelty criterion, online sparsification starts from an empty set and gradually
adds samples to the central set of the dictionary according to the judgment. Assuming
the current dictionary is:

C = {cj}mi
j=1 (15)

where cj is the center of time j, and mi is the count of the set. When a new data pair
{ui+1, di+1} appears, algorithm will decide whether to add ui+1 as a new center to the
dictionary. First we calculate the shortest distance from ui+1 to the dictionary.

dis = mincj∈C |ui+1 − cj| (16)

If the distance is less than the threshold δ1, then ui+1 will not be added to the
dictionary. On the contrary, the algorithm continues to compare the calculated prediction
error ei+1 with the threshold δ2. Only if ei+1 is greater than the threshold δ2, ui+1 will
be added to the dictionary as a new center. The approximate linear correlation criterion
can be defined as:

δi =
∥∥∥∥∥

i−1∑

n=1

αnϕ(xn) − ϕ(xi)

∥∥∥∥∥

2

> ν (17)

In the ALD criterion, α represents the coefficient vector, and ν represents the thresh-
old. When the input data arrives, the ALD criterion will calculate the linear dependence
between the input data and the dictionary data. If the value is greater than the preset
threshold, the input data will be added to the dictionary, otherwise the input will be
removed. Similar to the NC criterion, through the comparison of the dictionary and the
input data, the ALD criterion will perform sequential sparsification in order to reduce
the size of the kernel matrix.

3.2 Sliding Window Method

In order to limit the kernel matrix size, VanVaerenbergh et al. applied the slidingwindow
method to the KRLS algorithm [15]. In this method, the window size M is fixed, the
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observation matrix �i = [ϕ(xi – M + 1), … ,ϕ(xi)], a kernel matrix expressed as:

Ki = �i�
T
i + cI =

[
Ki−1 κi−1(xi)

κi−1(xi)T κii + c

]
(18)

where κi−1(xi) = [κ(xi−M+1, xi), . . . , κ(xi−1, xi)]T , κii = κ(xi, xi), c is the regular-
ization factor. In order to keep the size of kernel matrix unchanged, the kernel matrix
uses the new sample data to add new rows and new columns (19)–(20).

K =
[
A b
bT d

]
, K−1 =

[
E f
fT g

]
⇒

⎧
⎨

⎩

AE + bfT = I
Af + bg = 0
dg + bT f = 1

(19)

K−1 =
[
A−1(I + bbTA−1Hg −A−1bg

−(A−1b)T g g

]
(20)

whereA is a kernelmatrix before expansion,which is non-singular,g= (d−bTA−1b)−1.
After expansion, the kernel matrix needs to compress the expanded kernel matrix, and
the oldest rows and columns are removed by (21)–(22).

K=
[
a bT

b D

]
, K−1=

[
e fT

f G

]
⇒

{
be + Df = 0
bfT + DG = I

(21)

D−1 = G − ffT /e (22)

The above equations can make the size of the kernel matrix fixed. The Fig. 2 is the
principle of the sliding window.

2K
3K

4K

1K

2X1X 3X 4X

nK
-

-

1nK
1Xn Xn 1Xn +

+n 1K

(a) (b)

Fig. 2. (a) Kernel matrix Ki with growing size. (b) Kernel matrix Ki with a fixed size.

In summary, the advantage of the SW-KRLSmethod is that it can track time variation
without additional computational complexity.

4 Improved Kernel Recursive Least Square Algorithm

In this section, we will introduce proposed algorithm. We begin with some relevant
optimizations and introduce the improved algorithm in the end.
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4.1 Sliding Window and Novelty Criterion

The SW-KRLS algorithm has low computational complexity and good tracking ability,
but it lacks of judgment on the input data and directly adds the input data to the kernel
matrix. Furthermore, novelty criterion can eliminate less relevant data in the input,
but the size of the dictionary will increase with the number of training data. For the
above problems, we use the sliding window method to limit the size of dictionary.
Meanwhile, this paper applies the improvednovelty criterion to theSW-KRLSalgorithm,
and proposes the sliding window sparse kernel recursive least squares algorithm (SWS-
KRLS).

First, the NC will determine whether to add input data to the sliding window.

dis = mincj∈C |ui+1−cj| > δ1 (23)

ei = di − f (u∗) = di −
i∑

j=1

ajκ(uj,u∗) > δ2 (24)

• If the above equations are both satisfied, it means that the input has a greater influence
on the algorithm, so input can be added to the sliding window and dictionary.

• If any of the above equations is not satisfied, it means that the new input has little
effect on the algorithm. Therefore, the system will not add the input to the sliding
window, and the algorithm error is equal to the previous time error.

Table 1. Sliding window sparse kernel recursive least squares algorithm (SWS-KRLS).

Initialization: sliding window size M, threshold δ1, δ2, 
regularization coefficient c, K0=(1+c)I. 
for j=2,3,… do input: {uj, dj} 
if dis>δ1, and e>δ2, then 
add the input to the dictionary C={cj}mi 

j=1. 
else 
en=en-1, start the next iteration {uj+1, dj+1}. 
if dictionary size is greater than M 
dictionary expressed as C={c mi-L+1

,c mi-L
,…,c mi-L+1

}.
calculate the kernel matrix according to Eq. (18) -Eq. (22).
calculate the coefficient vector according to Eq. (14). 
calculate the system error according to Eq. (24). 
end for 

Contrary to the standard NC, we apply sliding window method to the dictionary.
When the dictionary size is greater than M, the sliding window delete the i-M th data in
the dictionary to keep the dictionary size unchanged. Assuming that the size of the fixed
novelty criterion dictionary is M, the definition of dictionary C is as follows:

C = {ci−M+1, ci−M , . . . , ci} (25)
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We use the dictionaryC to calculate the kernel matrix, on the one hand, the improved
algorithm has a better steady-state error because deleting these data can increase the
proportion of the closer data, on the other hand, this dictionary can decrease memory
usage. The process of the algorithm is shown in Table 1.

4.2 Variable Sliding Window Method

Using a sliding window to limit the size of the kernel matrix is one of the effective
sparse methods. However, if a fixed size window is used, it is difficult to achieve good
parameter tracking when change occurs.When the system changes, the window size will
affect tracking ability. Therefore, adaptive adjustment of thewindow size can better track
system change. Julian [25] first applied the variable sliding window method to KRLS,
and the method achieved good results. This paper improves this method by adding the
Mechanisms for window size adjustment and the change detection mechanisms.

Mechanisms for Window Size Adjustment
Suppose the time required to upsize is Um and the time required to downsize is Dm:

Dm = m2 + m + O(1) (26)

Um = 5m2 + 2mTκ + 3m + O(1) (27)

where m is the kernel matrix size, Tκ is the calculation cost of the kernel function. The
total calculation time can be calculated as:

Tm = 6m2 + 2mTκ + 4m + O(1) (28)

If the size of the kernel matrix is smaller than M, the total calculation time Tm will
less than the allowable calculation time. Thus, it is this “residual” computation time that
the algorithm can adjust the size of the kernel matrix online. Suppose the size of the
kernel matrix is m, where 1 < m < M. When the size of kernel matrix is upsized, the up
range of the kernel matrix sizes is:

RU
m =

{
m ≤ M :

m∑

i=m

Ui ≤ TM

}
(29)

When the kernel matrix is downsized, enough time must be reserved to upsize.
Therefore, the donsizing range of the kernel matrix size is:

RD
m =

{
m ≥ 1 :

m∑

i=m

Di + Um ≤ TM

}
(30)

In general, when the kernel matrix scale is m, the change range can be expressed as:

Rm =
{
RU
m ∪ RD

m ∪ RU
1

}
(31)
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where RU 1 is the discarded kernel matrix data. The kernel matrix can be upsized and
downsized within this range. In addition, in order to improve the parameter tracking
performance of the algorithm, this paper proposes a method of adjusting window size.
The implementation is shown in Fig. 3.

In stage I, when no change is detected, the SW-KRLS algorithm uses a fixed window
sizeM toupdate; in stage II,when the systemparameter changes are detected, thewindow
size can quickly decrease. By using a smaller window size, the algorithm can track
parameter changes more sensitively: in phases III and IV, the window size is gradually
restored until it is extended to the maximum allowable size L, so as to obtain higher
convergence accuracy.

Fig. 3. Method of adjusting window size.

Change Detection Mechanisms
Toadjust thewindowsize according to systemchanges, the algorithmsneed to use change
detection mechanisms, Literature [26] introduced several different methods of detecting
parameter changes in adaptive filtering algorithms, which can be divided into parameter
detection methods and error detection methods. However, because the parameter ω in
the KRLS algorithm is replaced by α, the parameter detection method cannot be used.
Therefore, this paper uses error detection to detect system change. The mean square
error of adjacent time is defined as 
e:


ei = ei − ei−1 (32)

In order to reduce the false alarm rate, we use the synchronous superposition averag-
ing algorithm to update the system error difference, and this method will be verified in
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Sect. 6. Suppose that the window size of the averaging algorithm is L, then the change
detection function is defined as:

ki = 1

L

i∑

j=i−L+1


ej (33)

As defined in [26], the change threshold θ = 3σ , where σ is the standard deviation of
the background noise. When ki > θ, the algorithm judges that the system has changed.
The process of variable slidingwindow kernel recursive least squares algorithm is shown
in Table 2.

Table 2. Variable sliding window kernel recursive least squares algorithm (VSW-KRLS).

Initialization: sliding window size M, threshold θ, regularization 
coefficient c, K0=(1+c)I. 
for j=2,3,…do  input: {uj, dj} 
calculate the error ki according to Eq. (32) and Eq. (33). 
if ki <θ then 
calculate the kernel matrix according to Eq. (18) –Eq. (22). 
calculate the coefficient vector according to Eq. (14). 
else 
calculate the maximum changeable window size M1 . 
calculate the kernel matrix according to Eq. (18)-Eq. (20). 
when the size of the kernel matrix is restored to M1 
calculate the kernel matrix according to Eq. (18)-Eq. (22). 
end for 

4.3 Improved Kernel Recursive Least Square Method

Through above analysis, novelty criterion, variable sliding window method combined
with sliding window kernel recursive least squares algorithm to form our improved
KRLS algorithm, which is called the sparse variable sliding window kernel recursive
least square algorithm (VSWS-KRLS).

The proposed algorithm needs to judge whether to add the input to the dictionary
according to the NC. Only if the distance and error are both greater than the preset
threshold, the input data will be added to the dictionary and participate in the calculation
of the kernel matrix. Therefore, this method can use more useful information to update
the algorithm with low computational complexity.

In addition, we introduced a variable sliding window method to improve the ability
to track time-varying characteristics. Because it can solve the problem that KRLS is not
sensitive to outliers or time-varying characteristic environmental changes. The algorithm
flow chart is shown in Fig. 4.
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Fig. 4. The specific process of the VSWS-KRLS algorithm.

Table 3. Computational complexity of different algorithms in a single iteration.

Algorithm Computational complexity

ALD-KRLS ai O(l2) (l≤i)

Sparse method (ALD) O(l2) (l≤i)

Pi O(l2) (l≤i)

FB-KRLS ai O(L2) (L<i)

Pi O(L2) (L<i)

EX-KRLS ai O(i2)

Pi O(i2)

SW-KRLS ai O(L2)

Pi O(L2)

VSWS-KRLS ai O(j2) (j≤L)

Sparse method (NC) O(j2) (j≤L)

Dictionary Di O(j2) (j≤L)
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4.4 Computational Complexity Analysis

In order to prove that the proposed VSWS-KRLS algorithm has lower computational
complexity, this paper compares this algorithmwith commonKRLS algorithms (KRLS-
ALD, FB-KRLS, EX-KRLS, SW-KRLS). This paper uses the weight coefficient vector
αi, the autocorrelation matrix Pi and the sparse method to compare the computational
complexity. The results are shown in Table 3.

Suppose that at the i-th moment, the input size is i, the dictionary size is l, and
the size of sliding window is L. For ALD-KRLS, the computational complexity of
sparse method ALD, weight coefficient vector and autocorrelation matrix are bothO(l2).
In EXKRLS, the complexity of the weight coefficient vector and the autocorrelation
matrix are O(i2). Both FB-KRLS and SW-KRLS limit the growth of the kernel matrix
by setting a fixed size of window, so the computational complexity of their weight
coefficient vector and autocorrelation matrix are both O(L2). In VSWS-KRLS, two
sparse methods (NC and sliding window) reduce the computational complexity. And the
computational complexity of the weight coefficient vector, sparse method and dictionary
are all O(j2) (j is the size of the NC dictionary, and the dictionary size is controlled by
a variable sliding window, so j ≤ L). Therefore, compared with other algorithms, the
SWS-KRLS algorithm has the smallest computational complexity in a single iteration,
and as the iteration progresses, the advantage of computational complexity will become
more obvious.

5 Simulation

In this section, in order to prove the effectiveness of the algorithm, we apply the algo-
rithm to a nonlinear time-varying system for system identification. The linear channel
coefficients will change at a given moment to compare the tracking ability of the algo-
rithm. This paper uses four channels for simulation: In the first part of the simulation, the
linear channel is H1(z)= 1+ 0.8362z−1 − 0.7732z−2 − 0.4484z−3, after receiving 500
data, it is changed into H2(z) = 1 − 0.8045z−1 + 0.9962z−2 + 0.4678z−3. This paper
nonlinear Wiener system as the nonlinear system, and the model is shown in Fig. 5.

f ( )
yn

H(Z)
xn un Vn

nn

Fig. 5. Nonlinear Wiener system.

A binary signal xn is sent through this channel, then a nonlinear function v = tanh(x)
is applied to it, and vn is the channel output. Finally, 20 dB of additive white Gaussian
noise (AWGN) is added. The performance of the model is shown through the MATLAB
simulation. In addition, the ALD-KRLS algorithm and the NC-KRLS algorithm are
evaluated to show the reason for choosing the novelty criterion as the sparse method.
In the experiment, the mean square error (MSE) is selected as the evaluation index
of prediction accuracy. If the value of MSE is smaller, it means that the prediction
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performance is better. At the same time, this paper also uses training time as an indicator
of computational complexity.

This experiment was simulated on windows10 operating system, Intel Core i3-
9100 CPU 3.60 GHz, RAM 8.00 GB, and the codes are operated in MATLAB R2016a
software, and the experiment results are obtained through 100Monte Carlo experiments.

5.1 Selection of Sparse Methods

In order to choose a suitable sparse method, we compare different sparse methods, we
uniformly select 20 values of δ1 in the interval of [0.1, 0.3] and 20 values of δ2 in the
interval of [0.05, 0.1] for the NC. And we select 80 values of δ3 are uniformly selected
in the interval of [0.05, 0.3] for the ALD. For each threshold, we use KRLS-NC and
KRLS-ALD to train, and record the kernel matrix size and MSE values. Figure 6 shows
theMSE values corresponding to two different sparse methods in different kernel matrix
size.

Fig. 6. Comparison of different sparse methods NC and ALD of KRLS. The “*” point comes
from KRLS-NC, the “ + ” point comes from KRLS-ALD.

The results show that when the kernel matrix size is less than 70, the performance of
ALD criterion is better than NC, and NC can actually perform better than ALD in other
places. Because the sliding window size in the SW-KRLS algorithm is concentrated
between 100–200, so this paper applies the NC to the SW-KRLS algorithm to solve the
sparse problem.

5.2 Sliding Window Sparse Kernel Recursive Least Squares Algorithm

To further test the performance of SWS-KRLSalgorithm, this section shows the influence
of algorithm performance with different NC thresholds. The size of the sliding window
is 150, and the threshold δ1 = [0.2, 0.5, 0.7]. The simulation result is shown in Fig. 7.
It is observed that the steady-state error is improved by adding novel criterion to the
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SW-KRLS algorithm. For thresholds, the greater the value of δ1 is, the better the steady-
state error of the system. But the sparse methods will destroy the complex relationship
between the data, it will reduce the convergence speed of the algorithm.

Fig. 7. MSE learning curves of SW-KRLS and SWS-KRLS with different NC thresholds.

5.3 Improved Algorithm

This paper introduces a change detection mechanism in the variable sliding window
method. Different from the literature [25], the error difference after simultaneous super-
position and averaging can better detect change. In a single experiment, the algorithm
mean square error difference andmean square error value after using synchronous super-
position averaging algorithm is shown in Fig. 8. In one iteration, the error difference
is unstable, so the judgment is also inaccurate. The synchronous superposition average
algorithm selects adjacent time to calculate the average value to reduce the influence of
instability.

Fig. 8. Algorithm mean square error difference and mean square error value after using
synchronous superposition averaging algorithm.

In order to evaluate the impact of different window lengths on the performance of the
algorithm, we choose the window length M of the SW-KRLS algorithm to be 50, 100,
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and 150. Meanwhile, the variable sliding window method is applied in the algorithm of
M = 150. The simulation results are shown in Figs. 9 and 10. Clearly, when the SW-
KRLS algorithm undergoes a sudden change, the window size affects the performance
of the algorithm. However, the VSW-KRLS algorithm can improve the tracking ability
of the algorithm by changing the window size.

Fig. 9. MSE learning curves of VSW-KRLS and SW-KRLS with different window lengths.

Fig. 10. Changes in the sliding window length of the VSW-KRLS and SW-KRLS.

As shown in Fig. 11, the VSWS-KRLS algorithm is compared with the SW-KRLS
algorithm and SWS-KRLS algorithm. The simulation results confirm that the VSWS-
KRLS algorithm has not only a fast convergence rate but also a small steady-state
misalignment in comparison to SW-KRLS algorithms. Table 4 shows the simulation
results of different algorithms in a nonlinear system, where, M represents the size of the
sliding window, δ1, δ2 and θ represent the NC threshold and change detection threshold,
and MSE represents the mean square error value. t represents the system running time
of a single iteration. As can be seen, compared with other algorithms, the calculation
performance of the VSWS-KRLS algorithm has been greatly improved.
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Fig. 11. MSE learning curves of SW-KRLS SWS-KRLS and VSWS-KRLS.

Table 4. Simulation results of different algorithms in nonlinear time-varying systems.

Algorithm M δ1 δ2 θ MSE t

SW-KRLS 100 −12.26 dB 0.42

150 −13.63 dB 0.59

200 −14.95 dB 0.73

SWS-KRLS 150 0.2 0.05 −14.21 dB 0.60

150 0.5 0.05 −15.35 dB 0.45

150 0.7 0.05 −15.89 dB 0.37

VSW-KRLS 150 3σ −13.61 dB 0.60

VSWS-KRLS 150 0.7 0.05 3σ −15.86 dB 0.36

6 Conclusion and Prospect

This paper proposed VSWS-SKRLS algorithm for identification of nonlinear systems.
Themodel used sliding window andNC tomake the dictionary and kernel matrix sparse,
it could reduce the computational complexity and memory occupancy of algorithm.
Moreover, online sparsification could improve prediction accuracy by reducing impact
of irrelevant data, but it also influenced the tracking ability of model. To further improve
the tracking ability of the model, adaptive mechanisms for sliding window size were
employed. Finally, the experimental results showed that the VSWS-SKRLS algorithm
had better prediction performance and low computational complexity in identification of
nonlinear time-varying systems. Furthermore, our work will focus on selection the other
sparse methods in the future, which has certain effects on performance and deserves
further studied.
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