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Abstract

The advancement of sensor technology has spurred the emergence of data-driven fault
detection (FD) strategies. Particularly for many control systems with time-varying parame-
ter characteristics, data-driven FD offers significant practical value and application value.
This paper addresses the FD problem for linear time-varying (LTV) systems. Specifically,
within the Sieve estimation framework, the stable kernel representation of LTV systems is
designed using a novel data stacking method and B-spline basis functions. Subsequently,
the coefficient function is constructed to provide a general solution to online FD tasks.
Finally, this method is validated through experiments. The results demonstrate that the
sieve estimation-based strategy exhibits excellent estimation and FD performance in both
offline and online phases.

Keywords: data-driven designs; fault detection; state-space model; time-varying systems

1. Introduction
Process monitoring and fault detection (FD) of industrial control systems have received

considerable attention in recent years [1–4]. In the current FD studies, observer-based
schemes designed under linear time-invariant (LTI) system assumptions have emerged as
a prevailing solution. However, control systems widely exhibit time-varying parameter
characteristics, posing significant limitations and challenges to traditional observer-based
schemes [5,6].

To address FD in linear time-varying (LTV) systems, significant methodological ad-
vancements have been achieved through observer-based schemes [7]. Foundational work
by ref. [8] established an optimization paradigm for FD filter design in discrete-time LTV
systems under bounded signals and stochastic noise, proposing an effective method for
performance index design. Subsequent studies extended robustness to complex operational
environments. Recent innovations focus on structural complexities [9]. Geometric methods
leveraging unobservable subspaces were introduced in ref. [10] to generalize time-invariant
concepts to LTV systems. This approach derived sufficient conditions for residual generator
design using Lyapunov–Krasovskii functionals, with Wirtinger-based integral inequalities
reducing conservatism. Despite progress, critical gaps persist in data-driven implemen-
tation of observer, particularly for LTV systems. Additionally, a number of studies have
concentrated on developing robust FD approaches tailored for time-varying dynamic sys-
tems. In ref. [11], an innovative FD scheme by fusing the Kalman filter with the weighted
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moving average algorithm is presented, which exhibits favorable performance for systems
exposed to intense noise environments. In ref. [12], a robust filtering strategy is established
via residual error suppression, thus elevating the precision of both state reconstruction and
fault identification. Regarding distributed parameter systems, literature [13] constructs
a model-driven sensor fault diagnosis architecture capable of accurately locating fault
occurrence instants and quantifying fault amplitudes. Concerning unknown input issues
encountered in LTV systems, an observer-based bank is constructed to implement concur-
rent FD and isolation tasks. As demonstrated in [14], this solution effectively mitigates the
critical shortcomings of conventional model-based techniques, especially regarding compu-
tational efficiency and robustness. Despite these notable advancements in observer-based
and robust FD methodologies for LTV systems, the data-driven implementation of such
observers remains an under-explored area, leaving a critical gap in bridging theoretical
developments with practical engineering applications for complex time-varying systems.
To fill this gap, the present study focuses on advancing data-driven observer designs for
LTV system FD, aiming to enhance the applicability and reliability of FD strategies in
real-world operational scenarios.

Stable kernel representation (SKR) methods have been widely studied in data-driven
process monitoring and FD as an effective solution [15,16]. The most significant benefit of
this scheme is that the residual generator for FD can be constructed using process signals
of systems without the need for cumbersome parameter identification of the model [17].
In [18], a component-level method is proposed for FD of suspension control box by de-
termining the size of data stacking. To mitigate the impact of external disturbances on
algorithm performance, a disturbance decoupling SKR is proposed for FD of traction sys-
tems in [19]. This constitutes an effective attempt at robust design. For nonlinear systems,
a SKR-based scheme can also be regarded as an available solution [20]. The incrementally
exponentially stable image and kernel representation is designed for the Youla parameteri-
zation problem [21]. Deep learning-based generalized SKR methods are applicable to FD in
nonlinear systems [22]. In [23], deep neural networks are employed to learn the closed-loop
SKR and stable image representation for nonlinear systems, which provides a theoreti-
cal foundation for constructing residual generators and implementing FD. In ref. [24], a
data-driven SKR for closed-loop systems is derived via subspace identification approaches,
which further allows the calculation of the corresponding data-driven closed-loop stability
margin. In ref. [25], a SKR-based residual generation scheme is developed on the basis
of the input–output model to realize the online detection of actuator faults. In addition,
a series of recent studies has extended the application of the SKR framework to systems
subject to degraded systems [26], distributed systems [27], and interconnected dynamical
systems [28].

Despite these advancements, several critical problems remain to be addressed.
(1) Most studies address the FD problem in LTV systems using model-based strategies

in observer design, which escalates the difficulty of system parameter identification.
(2) Owing to the infeasibility of achieving least-squares optimal estimation via

QR/SVD factorization in LTV systems, traditional SKR-based methods cannot be di-
rectly implemented.

(3) In the online application phase, existing data-driven observers struggle to discrimi-
nate between parameter variation dynamics and fault dynamics within residual signals.

To solve problems mentioned above, this study constructs a novel FD method for LTV
systems. The main contributions and advantages of this study are summarized as follows.

(1) A novel SKR-based FD framework for LTV systems is proposed. The time-varying
kernels of the systems are identified via the data stacking technique and B-spline basis functions.
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(2) The large sample properties of the proposed method and the convergence of
parameter identification are analyzed.

(3) A coefficient function-based online FD strategy is designed via coefficients of
basis function.

The remainder of this paper is organized as follows. The problem formulations are
given in Section 2. The proposed FD model is introduced in Section 3. Verifications are
shown in Section 4. Discussions are shown in Section 5. The conclusions of this study are
summarized in Section 6.

2. Problem Formulation
Considering the LTV systems modeled by{

x(k + 1) = A(k)x(k) + B(k)u(k)
y(k) = C(k)x(k) + D(k)u(k)

(1)

where x(k) ∈ Rkx , u(k) ∈ Rku , y(k) ∈ Rky are the state, input, and output, respectively.
A(k), B(k), C(k), and D(k) are dimensionally matched matrices.

For data vector ψ(k) ∈ Rξ and window size s, the data stacking is given as follows.

Ψk,s =
[

ψs(k) · · · ψs(k + N − 1)
]
=


Ψk

...
Ψk+s

 (2)

where
ψk,s =

[
ψT

s (k) · · · ψT
s (k + N − 1)

]T
∈ R(s+1)ξ ,

Ψk =
[

ψ(k) · · · ψ(k + N − 1)
]
∈ Rξ×N .

In linear time-invariant systems, the full-order observer, which is the most important
framework for model-based methods mentioned in [1], is given as follows.

x̂(k + 1) = Ax̂(k) + Bu(k) + L(r(k))
ŷ(k) = Cx̂(k) + Du(k)

(3)

where r(k) denotes the residual signal. Based on the steady Kalman filter, the state estima-
tion can be represented as

x̂(k + 1) = Ak x̂(k) + Bku(k) + Ky(k) (4)

where Ak = A − KC, Bk = B − KD. For the sufficiently large s, it has As
K ≈ 0. Therefore,

the I/O model has the following form.

Yk,s = ΓsLpZp + Hu,sUk,s + Hw,sWk,s + Vk,s (5)

where Zp =
[
UT

k−s,s−1 YT
k−s,s−1

]T
, ΓsLp, and Hu,s are parameters to be estimated.

Given the kernels of systems, a residual generator can be constructed using estimated
parameters in Equation (5) via QR or SVD [2]. The following exposition verifies the
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optimality of this well-established scheme by exploring the relationship between matrix
decomposition and least-squares. On account of Equation (5), it is obvious that

Yk,s︸︷︷︸
Ỹ

=
[

ΓsLp Hu,s

]
︸ ︷︷ ︸

Θ

[
Zp

Uk,s

]
︸ ︷︷ ︸

Ũ

+Ñ (6)

where Θ represents the parameters need to estimated, and Ñ is consistent with the noises.
For least-squares problem min∥r∥2

2 =
∥∥Ỹ−1 − Ũ−1Θ−1

∥∥2
2, it holds

min∥r∥2
2 =

∥∥∥∥∥Ỹ−1 − Q

[
R
0

]
Θ−1

∥∥∥∥∥
2

2

=

∥∥∥∥∥QTỸ−1 −
[

R
0

]
Θ−1

∥∥∥∥∥
2

2

=
∥∥∥c − RΘ−1

∥∥∥2

2
+ ∥e∥2

2.

(7)

At this time, when RΘ−1 = c is the optimal solution, the condition number is κ2(R) =
κ2(Ũ−1). There is ∥r∥2

2 = ∥e∥2
2, and the error is bounded by κ2(Ũ−1). If Ũ−1 = Q × R,

it has
Θ−1 = ŨỸ−1 = (RTQTQR)−1RTQTỸ−1 = R−1QTỸ−1. (8)

Similarly, the same conclusion can be drawn through the SVD. With regard to
Equation (8), the decomposition cannot yield an optimal estimation in LTV systems because
of the changes in regression coefficient. Consequently, it becomes a limitation to design the
SKR-based residual generator.

3. Sieve Estimation-Based Parameter Identification and FD for
LTV Systems

The data-driven FD framework designed by the subspace identification technique is
illustrated in the Figure 1. The specific steps are given below.

Figure 1. Schematic diagram of the proposed framework.

3.1. Model Construction and Parameter Identification for LTV Systems

For the purpose of FD design of LTV systems, the time-varying I/O model that
analyzes the system dynamics is of great importance. In the first instance, the I/O model of
LTV systems is

Yk,s = ΓsXk + Hu,sUk,s + Hw,sWk,s + Vk,s (9)
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where the parameters have the following form.

Γs =


C(k)

C(k + 1)A(k)
...

C(k + s)A(k − 1) · · · A(k)

, Hu,s =


D(k) 0

H′ . . . . . .
...

. . . . . .
H′′ · · · H′′′ D(k + s)

. (10)

where H′ = C(k + 1)B(k), H′′ = C(k + s)A(k + s − 1) · · · A(k + 1)B(k), and H′′′ = C(k +
s)B(k + s − 1).

According to the Kalman filter, it has

x̂(k + 1) = AK(k)x̂(k) + BK(k)u(k) + K(k)y(k), (11)

where AK(k) = A(k) − K(k)C(k), BK(k) = B(k) − K(k)D(k). For a large integer sl , it
holds that

x̂(k) = Asl
K x̂(k − sl) +

sl

∑
i=1

Ai−1
K

[
BK K

][ u(k − i)
y(k − i)

]
(12)

For control systems, the key required conditions are the observability and controllabil-
ity of matrices A and C. Therefore, under this condition, it has

AK(k)× AK(k + 1)× · · · × AK(k + sl − 1) ≈ 0. (13)

It turns out

x̂(k) ≈
sl

∑
i=1

Ai−1
K

[
BK K

][ u(k − i)
y(k − i)

]
. (14)

Therefore, the I/O model of LTV systems can be described as

Yk,s = ΓsLpZp + Hu,sUk,s + He,sEk,s. (15)

Then, for data vector ω(k) ∈ Rξ , the data stacking form designing for Sieve estimation is

Ωk,s =
[

ω(k) · · · ω(k + s) · · · ω(k + s + N − 1)
]T

∈ R(s+1)ξ . (16)

Therefore, it implies

Yk,s =
[

y(k) · · · y(k + s + N − 1)
]T

Uk,s =
[

u(k) · · · u(k + s + N − 1)
]T

Zp =

[
y(k − s − 1) · · · y(k + N − 2)
u(k − s − 1) · · · u(k + N − 2)

]T
(17)

According to the SKR theory, the parameter identification problem is equivalent
to solving

Yk,s =
[

ΓsLp Hu,s

]
︸ ︷︷ ︸

K(k)

[
Zp

Uk,s

]
. (18)
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Then, it can be transformed into a regression problem of a varying-coefficient model
given below.

Yk,s =
[
KZp

(k) KUk,s
(k)

]
︸ ︷︷ ︸

K(k)

[
Zp

Uk,s

]
(19)

To solve this problem, the Sieve estimation method is introduced in this section.
Suppose that there are basis functions Bl(t) and constants γl , after fixing the time point,
it satisfies

Kl(t) =
Kl

∑
l=1

γl Bl(t), (20)

where l represents the order parameter of basis function. By means of the asymptotic
theory as n → ∞ and the approximation property of B-spline bases, the parameter estimates
computed at discrete points can converge to the true value in the continuous function space.

Given the framework outlined above, the asymptotic property of kernel estimation for
LTV systems becomes amenable to study under the assumptions specified below.

Assumption 1. For random K0 ∈ C p+1([0, 1]), it exists Kn0(t) =
K(n)
∑

j=1
θ0jBj(t) in Sieve

space, satisfying ∥∥∥Kn0 −K0

∥∥∥
∞
= O(K(n)−(p+1)). (21)

Assumption 2. For n → ∞, the number of basis functions satisfies

K(n) → ∞,
K(n)

n
→ 0. (22)

Theorem 1. Under the conditions of Assumptions 1 and 2, the estimator satisfies∥∥∥K̂n −K0

∥∥∥
L2

P−→ 0 , n → ∞. (23)

Proof. Decomposition of estimation error via triangle inequality is as follows∥∥∥K̂n −K0

∥∥∥
L2

≤
∥∥∥K̂n −Kn0

∥∥∥
L2
+

∥∥∥Kn0 −K0

∥∥∥
L2

. (24)

According to the B-spline approximation theorem, there exists a Kn0 such that∥∥∥Kn0 −K0

∥∥∥
∞
≤ C1hp+1 = C1K(n)−(p+1), (25)

where h = 1
m(n) ≈ K(n)−1. It follows that

∥∥∥Kn0 −K0

∥∥∥
L2

≤
∥∥∥Kn0 −K0

∥∥∥
∞
= O(K(n)−(p+1)). (26)

Given the design matrix, it can be derived that:

E
[∥∥∥K̂n −Kn0

∥∥∥2

L2

]
= O(

K(n)
n

). (27)

Thus, when the optimal number of basis functions is selected, it follows that∥∥∥K̂n −K0

∥∥∥
L2

P−→ 0 , n → ∞. (28)

https://doi.org/10.3390/pr14142248

https://doi.org/10.3390/pr14142248


Processes 2026, 14, 2248 7 of 15

Theorem 2. Under the conditions of Theorem 1, let the optimal number of basis functions be
K(n) = 1

2p+3 . Then ∥∥∥K̂n −K0

∥∥∥
L2

= O(n− p+1
2p+3 ). (29)

Proof. Decomposition the errors:

E
[∥∥∥K̂n −K0

∥∥∥2

L2

]
≤ C1K(n)−1(p+1) + C2

K(n)
n

(30)

where C1K(n)−1(p+1) and C2
K(n)

n represent the bias and variances, respectively.
By differentiating the basis functions and substituting them into the total error, the

following can be obtained

E
[∥∥∥K̂n −K0

∥∥∥2

L2

]
≤ C1n

−2(p+1)
2p+3 + C2n

−2(p+1)
2p+3 = O

(
n

−2(p+1)
2p+3

)
. (31)

It follows that ∥∥∥K̂n −K0

∥∥∥
L2

= O(n− p+1
2p+3 ). (32)

3.2. FD in Online Phase

This section develops a reliable online FD strategy for LTV systems with the assistance
of basis function weights obtained in the offline phase. Specifically, the non-parametric
estimation method employed in the offline phase cannot discriminate fault dynamics in
residual during the online phase, as it is impossible to decouple the fault f from y. The
primary objective is therefore to identify a set of fixed parameters in the basis function
space, enabling the acquisition of knowledge about the fault-free system using abundant
offline data.

Theorem 3. Given the I/O model (5) and Sieve estimation scheme (20), the residual generator in
the online phase can be obtained by

r(k) = y(k)−

 Kl0

∑
l0=1

γl0 Bl0 (k),
Kl1

∑
l1=1

γl1 Bl1 (k),
Kl2

∑
l2=1

γl2 Bl2 (k),
Kl3

∑
l3=1

γl3 Bl3 (k)




1
y(k − s − 1)
u(k − s − 1)

u(k)

, (33)

where γl0 , γl1 , γl2 , and γl3 represent the offline projection weights of system dynamics in the spline
basis function space.

The proof of the theorem is based on the relation r(k) = y(k) − ŷ(k) = y(k) −
K1(k)y(k − s − 1)−K2(k)u(k − s − 1)−K3(k)u(k)−K0(k).

Following the data-driven method, the online implementation of FD is given in
Algorithm 1.

Algorithm 1. Online implementation of FD

Step 1. Stack the input signals u and output signals y by Equation (17) and construct the I/O
model of LTV systems by Equation (9).

Step 2. Identify the SKR of LTV systems by Equation (20), and save the offline coefficient γl .

Step 3. Calculate the online residual r(k) by Equation (33) and setting the threshold according to
the statistical characteristics of offline residuals.

Step 4. Repeat Step 3 until the system completes the FD tasks.
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4. Case Studies
4.1. Simulation Examples

To verify the feasibility of the Sieve estimation-based scheme, different numerical examples are
considered in this section. Throughout all simulation and industrial experiments in this work, cubic
B-spline basis functions with fixed spline order p = 3 are utilized. The number of basis functions
K(n) is adaptively determined according to the total sample size n following the optimal scaling rule
in Theorem 2.

Example 1. Consider that the time-varying parameters in Equation (1) are as follows [29]:

A(k) =

[
0.4 cos(k) 0

0.5e−k 0.6

]
, B(k) =

[
1
1

]
,

C(k) =

[
1 0.1 + k

k+1
0 1

]
, D(k) =

[
0
0

]
.

(34)

Four different scenarios are considered as: (1) Case 1: f (k) = 0; (2) Case 2: f (k) = 0.001 ∗ k + 0.005;
(3) Case 3: f (k) = 0.5; (4) Case 4: Multiplicative fault with parameter 1.02. Figure 2 illustrates the
performance of estimation and FD in both offline and online phases. Figure 3 verifies the effectiveness of the
proposed method by different fault cases. It illustrates the variations in residual distributions with respect to
different cases during the online phase.

Figure 2. Results of estimation and FD in Example 1.

Figure 3. Residual variation of online phase in Example 1.
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Example 2. Consider the time-varying parameters in Equation (1) as follows [30]:

x(k) =

[
g0 sin(φ(k))
g0 cos(φ(k))

]
, A(k) =

[
1 hz(k)

−hz(k) 1

]
,

B(k) = 0 , y(k) =

[
y1(k)
y2(k)

]
, C(k) =

[
1 0
0 −1

]
.

(35)

where φ and g0 are unknown Toolface and gravitational acceleration, respectively. h corresponds to the sampling
interval and z to the measurements. The experiment examines four categories of scenarios: (1) Case 1: f (k) = 0;
(2) Case 2: f (k) = 0.2; (3) Case 3: f (k) = 0.2(1+ 0.5sin(k/100)); (4) Case 4: f (k) = 0.4(2+ sin(k/100)).
Figure 4 also presents the estimation and detection performance in both offline and online phases, wherein
it can be observed that the residual indices exhibit clear changes upon fault occurrence. Figure 5 provides a
comparison under different cases, demonstrating that this scheme achieves satisfactory accuracy.

Figure 4. Results of estimation and FD.

Figure 5. Residual variation in online phase.

In addition to the results shown above, two critical remarks are given as follows. (1) The
accuracy of the Sieve estimation-based method is related to the basis functions. It is necessary to
choose a suitable basis function to obtain better results. (2) The sieve estimation yields numerical
solutions for the estimator, similar to neural networks. The main distinction between them lies in the

https://doi.org/10.3390/pr14142248
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offline phase, where neural networks preserve parameters through training while sieve estimation
retains the coefficient γl of the basis functions.

4.2. Traction System Experiment

A laboratory-based high-voltage motor test bench is employed in this section to conduct the
experiment. As illustrated in Figure 6, the traction control system employed in this study is composed
of a high-voltage control cabinet, a permanent magnet synchronous motor, a data acquisition card,
and a host computer for algorithm implementation. The experimental setup is powered by a 220 V
input voltage, with a rated power of 10 kW for the power drive unit, and the power switches are
rated at 50 A/1200 V. The sampling time of this study is 1ms. In the course of case analysis, four
distinct time-varying models are taken into account, with the parameters in each model denoting the
amplification coefficients of the sequence at various phases.

Figure 6. High-voltage motor test bench.

Figures 7 and 8 show the estimation and FD results under four different scenarios of the high-
voltage motor experiment. The experimental results indicate that the proposed method is suitable
for LTV systems with different time-varying parameters, adapting to the effect of process parameter
changes on algorithm performance. Table 1 presents the FD results under different sample sizes and
different stacking length parameters. Four scenarios of fault are considered as sensor drift faults,
offset faults, stuck faults, and compound faults, respectively. The sample sizes are selected as 1000
and 3000, respectively, and the stacking lengths are 50 and 100. The results include the MSE change
results before and after the occurrence of faults and the calculation time consumption results.

Table 1. FD results under different experimental settings.

Scenarios Samples Stacking Size MSE1 MSE2 Time

I
1000 50 3.82 × 10−15 1.74 × 102 0.25 s
3000 100 1.77 × 10−18 1.61 × 102 0.26 s

II
1000 50 3.83 × 10−15 1.96 × 102 0.27 s
3000 100 1.79 × 10−18 1.41 × 102 0.26 s

III
1000 50 3.83 × 10−15 1.86 × 102 0.26 s
3000 100 1.77 × 10−18 1.49 × 102 0.26 s

IV
1000 50 3.83 × 10−15 1.84 × 102 0.28 s
3000 100 1.78 × 10−18 1.50 × 102 0.25 s

https://doi.org/10.3390/pr14142248
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(a) Result of estimation in scenario I (b) Result of estimation in scenario II

(c) Result of estimation in scenario III (d) Result of estimation in scenario IV

Figure 7. Results of estimations for four scenarios.

(a) Result of FD in scenario I (b) Result of FD in scenario II

(c) Result of FD in scenario III (d) Result of FD in scenario IV

Figure 8. Results of FD for four scenarios.
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4.3. Comparisons

To verify the superiority of the proposed method, the TE process data [31], which is widely used
in the FD field, is adopted in the comparative experiments shown in Table 2. The chemical processes
described by the TE process, including separation, circulation, and other reactions and operations,
cover data of normal operating states and fault states. The input and output data selected in the
experiment are u1: Stream A; u2: Streams A and C; y1: Stream A outlet; y2: Streams A and C outlet.
The comparative methods considered in the comparative experiments include: LSTM, PF, VAE, GRU,
and CNN. The selected comparative methods cover various types of commonly used methods for
prediction and FD. LSTM and GRU are good at capturing long-short term dependencies, PF is well-
established in state tracking of dynamic systems, VAE performs prominently in feature extraction and
fitting of noisy time-series data, and CNN is suitable for time-series scenarios with local fluctuations.
The ultra-low normal MSE (10−24) of our algorithm directly brings superior fault detection metrics:
nearly 100% FDR, negligible MDR, and far lower FAR than baselines. The significant gap in MSE
is not caused by inconsistent evaluation standards or data leakage, but the theoretical unbiased
fitting characteristic of the sieve estimator, which separates normal and faulty residuals thoroughly
and optimizes three core detection indicators simultaneously. To quantitatively characterize the
performance degradation of the model under unseen unmodeled disturbances, multiple validation
tests are further carried out in this study, and the averaged MSE is finally obtained as 0.055. It can
be observed that unknown disturbances will significantly degrade the algorithm performance. In
addition, the proposed method achieves an extremely tiny fault-free MSE and a much lower faulty-
state MSE, creating a clear gap between normal and faulty residuals for sensitive fault detection.
It consumes far less computation time than all comparative deep learning and filtering methods
due to its limited interpretable B-spline coefficients without heavy iterative training. Moreover, the
presented approach maintains stable superior accuracy and slight runtime growth as sample number
and stacking window increase, showing stronger adaptability to varying industrial data conditions.

Table 2. Comparison results.

Methods Variables Samples Stacking Size MSE1 MSE2 Time

LSTM u1, y1
1000

50 2.67 × 10−3 9.55 × 10−3 16.11 s
100 2.65 × 10−3 9.43 × 10−3 34.34 s

3000
50 2.67 × 10−3 1.49 × 10−1 64.59 s

100 2.68 × 10−3 1.52 × 10−1 133.98 s

PF u1, y1
1000

50 7.92 × 10−3 1.30 × 10−2 16.45 s
100 5.71 × 10−3 1.25 × 10−2 29.73 s

3000
50 9.92 × 10−3 1.55 × 10−1 62.54 s

100 9.36 × 10−3 1.59 × 10−1 119.03 s

VAE u1, y1
1000

50 2.72 × 10−3 1.32 × 10−2 0.78 s
100 2.74 × 10−3 1.74 × 10−2 0.82 s

3000
50 2.95 × 10−3 1.98 × 10−1 1.06 s

100 2.77 × 10−3 3.03 × 10−1 1.09 s

GRU u1, y1
1000

50 2.58 × 10−3 4.49 × 10−3 41.62 s
100 2.56 × 10−3 4.34 × 10−3 78.73 s

3000
50 2.65 × 10−3 1.09 × 10−1 108.34 s

100 2.62 × 10−3 7.97 × 10−2 198.60 s

CNN u1, y1
1000

50 2.71 × 10−3 1.03 × 10−2 1.51 s
100 2.69 × 10−3 1.24 × 10−2 2.58 s

3000
50 2.72 × 10−3 4.12 × 10−1 4.46 s

100 2.71 × 10−3 5.73 × 10−1 8.53 s

The proposed
method

u1, y1
1000

50 1.83 × 10−24 8.47 × 10−5 0.40 s
100 2.59 × 10−24 6.31 × 10−5 0.85 s

3000
50 3.71 × 10−24 8.10 × 10−5 0.83 s
100 4.11 × 10−24 6.63 × 10−5 1.53 s
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5. Discussions
Beyond the foregoing consequences, several important remarks and open issues are

provided below.
(1) In practical applications, it is necessary to select the basis function type and its parameters

adaptively according to the time-varying characteristics of the system: for systems with slow time-
varying parameters, low-order B-spline basis functions with a small number of terms can be used
to balance computational efficiency and estimation accuracy; for systems with fast and non-smooth
time-varying parameters, high-order B-spline basis functions or a combination of multiple basis
functions are recommended to improve the approximation ability of time-varying kernels.

(2) The sieve estimation adopted in this study is a numerical approximation method for estimat-
ing time-varying functions, which is similar to deep learning methods in that it obtains numerical
solutions of system dynamics from data, but there are essential differences in the parameter storage
and learning mechanism. This characteristic makes the proposed method have two advantages over
deep learning methods: first, the number of parameters to be learned is far less than that of deep learn-
ing models, which reduces the risk of overfitting and the demand for offline data; second, the basis
function coefficients can be interpreted and adjusted according to the system’s time-varying charac-
teristics, which makes the FD system have better interpretability, a key requirement for industrial
process monitoring systems.

(3) The proposed method can effectively suppress the Gaussian noise and small random dis-
turbances embedded in the offline fault-free data through the sieve estimation’s approximation
and the statistical characteristics of the residual signal. However, the robust performance of this
method is limited by the types and ranges of disturbances contained in the offline training data: for
large external disturbances, abrupt system mode changes, or non-stationary disturbances that do
not appear in the offline data, the approximation accuracy of the sieve estimator will decrease, and
the residual signal will contain large disturbance components, which may lead to false alarms or
missed detections of faults. In practical industrial applications, it is necessary to combine disturbance
decoupling techniques with adaptive residual threshold setting methods to improve the robust
performance of the method for unknown large disturbances.

6. Conclusions
This paper develops a data-driven fault detection strategy for linear time-varying systems

combining sieve estimation and stable kernel representation. A novel data stacking framework
and B-spline basis functions are designed to identify time-varying system kernels, and the large-
sample convergence and error convergence rate of the estimator are theoretically proven. Relying
on offline solved spline coefficients, an online residual generator is constructed to realize real-time
fault judgment, and the corresponding complete detection algorithm is summarized. Numerical
simulations, high-voltage motor testbed experiments, and TE process comparative tests fully verify
the superiority of the proposed method in fitting accuracy, fault sensitivity, and computational
efficiency over LSTM, GRU, PF, VAE, and CNN. Finally, the real-time implementation limitations
of this approach are analyzed, and future research directions including robust optimization and
adaptive data updating are pointed out.
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