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Abstract

This article addresses the fault detection (FD) problem for traction drive systems in the
presence of unknown noise covariances. The dynamic behavior of the traction drive sys-
tem, affected by actuator and sensor faults, is first formulated. Following the philosophy
of the subspace identification, the system matrices are identified directly from collected
process data using QR decomposition and singular value decomposition. Based on the
identified model, a robust Kalman filter (KF)-based FD scheme is developed. By exploiting
the iterative interaction between the estimator and measurement data within the KF frame-
work, the noise covariance matrices are adaptively estimated, which alleviates the adverse
effects caused by empirical covariance selection in conventional KF-based FD methods.
Experimental results obtained from a real traction drive system verify the effectiveness and
reliability of the proposed approach.

Keywords: data-driven; robust KF; subspace identification; fault detection; traction
drive systems

1. Introduction

Ensuring the safe and reliable operation of industrial systems has become increas-
ingly important with the rapid development of automation and intelligent technologies.
Traction drive systems serve a key role by transforming electrical energy into mechanical
motion in industrial applications. The reliability of the systems is therefore of great im-
portance, which has motivated extensive research on fault detection (FD) techniques for
traction drive systems [1-3]. Advances in modern control theory have contributed to the
design and implementation of model-based FD approaches in traction drive systems [4—6].

Model-based FD methods are attractive because of their high sensitivity and capability for
early detection of system anomalies [7]. Depending on the structure of the residual generator,
model-based FD methods for traction drive systems are typically classified into fault detection
filter-based approaches and diagnostic observer-based approaches [8]. In parallel with these
developments, recent studies, such as those by Cheng et al. [9], Sun et al. [10], and Xia et al. [11],
have explored data-driven and model-data fusion approaches for FD in traction drive systems.
Despite the diversity of these methodologies, accurate characterization of system dynamics
and fault-induced residual variations remains crucial for reliable monitoring. In this context,
fault detection filters are particularly appealing, as they explicitly account for state evolution
and measurement updates in the residual generation. Among them, Kalman filter (KF)-based
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approaches are especially attractive due to the recursive estimation structure, which is well
suited for dynamic systems operating under stochastic noises.

In recent years, KF-based FD methods and their variants have emerged as the dominant
approach among fault detection filter-based techniques for traction drive systems [12-14].
Cheng et al. [12] developed a sigma-mixed unscented KF-based FD algorithm for ad-
dressing performance degradation. The approach constructs a mixture distribution using
sigma points in the unscented KF framework and incorporates a Lévy process with jump
characteristics to model degradation dynamics. A moving average interstate standard
deviation index is finally developed for FD purposes. Foo et al. [13] introduced an extended
KF-based approach for sensor FD and isolation, which ensures fault-resilient control when
sensor faults occur. For stator inter-turn faults, Namdar et al. [14] proposed a KF-based FD
method. In this approach, the KF is employed to extract signal features, and the standard
deviation of the extracted signatures is subsequently used as an indicator for FD. Miniach
etal. [15] developed a current sensor fault-tolerant control scheme based on an extended KF
to achieve detection and compensation of current sensor faults in induction motor drives.

It should be noted that the practical deployment of aforementioned methods still faces
several challenges. First, most of these methods rely on prior knowledge of system matrices.
However, due to the complex internal structure of traction drive systems, constructing an
accurate mathematical model is often difficult in practice, and the required system matrices
are typically unavailable. As a result, the applicability of KF-based FD methods in real
monitoring scenarios is limited. Second, the process and measurement noise covariance
matrices in most existing KF and its variant-based FD approaches are usually specified
based on prior knowledge or engineering experience. In practical operating environments,
however, the actual noise statistics are generally unknown, which may lead to a mismatch
between the assumed and actual noise characteristics during the iterative estimation pro-
cess, thereby degrading the FD performance. Therefore, a key challenge lies not only in
implementing KF-based FD for traction drive systems, but also in ensuring its effectiveness
when both the system matrices and noise statistics are not accurately known a priori.

Although traction drive systems can be modeled in a state-space model form [8],
the system matrices are often unavailable in practice. To address this issue, a subspace
identification approach [16,17] is employed to construct the state-space model directly
from measured input-output (I/O) data. The observability matrix is estimated via QR
decomposition and singular value decomposition (S5VD), from which the system matrices
are identified. This enables KF and variant-based FD approaches to be implemented
in a fully data-driven manner while retaining its capability for dynamic modeling and
recursive estimation, without relying on prior model knowledge. Furthermore, to address
the case where the process and measurement noise covariance matrices are unknown in
traction drive systems, the proposed approach is inspired by the principle of iterative
generalized least squares estimation [18]. The noise statistics are learned through iterative
interactions between the estimator and the measurements, enabling reliable estimation of
the noise covariance matrices. This mitigates the adverse impact on detection performance
caused by relying on the priori noise covariance matrices that deviate from the true noise
characteristics. The main contributions of this work are outlined as follows.

1. A data-driven KF-based approach is developed for FD of traction drive systems,
which does not require a first-principles system model.

2. Aniterative scheme is proposed to estimate the covariance matrices of noises from
measured and estimated data, mitigating the adverse effects caused by mismatches
between a priori covariance assumptions and the true noise statistics.

3. The proposed method accounts for the dynamic characteristics of the systems while
maintaining satisfactory monitoring results.
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The remainder of this study is organized as follows: Section 2 presents preliminaries,
including a brief introduction to traction drive systems, the KF, and the problem formula-
tion. A detailed description of the proposed FD approach is provided in Section 3. Section 4
presents the corresponding experimental study on a traction drive system. The study
concludes with a summary in Section 5.

Notations: All notations used in this paper follow standard conventions. R¥ represents
the k-dimensional Euclidean space. The symbol [-]~ denotes the pseudo-inverse of the
matrix [-]. For a vector w, ws(k) = [wT(k —s) wl(k—s+1)---wT(k)]T, 4 = [w(k —
s)wk—s+1)---wk—-—s+N—-1)], Y = [ws(k) ws(k+1) - ws(k+ N —1)], where N
and s are positive integers. The symbol & denotes the estimate of &. The operator vec(]-])
denotes the vectorization of the matrix [-]. ® denotes the Kronecker product.

2. Preliminaries and Problem Formulation

This section first presents the traction drive system along with its general mathematical
model, followed by an introduction to the KF. Based on this foundation, the FD problem
addressed in this work is formulated.

2.1. Traction Drive Systems

Traction drive systems serve as fundamental devices for converting electrical energy
into mechanical motion, delivering the required traction to the equipment in a controlled
manner. The system includes a DC-link, a traction inverter, a traction motor, and a traction
control unit, as illustrated in Figure 1.
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:V/ L [] : i Current signals i
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| me—————————
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Figure 1. Schematic diagram of the traction drive system.

A variety of sensors, such as those measuring speed, current, and voltage, are incorpo-
rated to provide data for control and monitoring purposes. A total of seven sensors are
used to collect operational data, as summarized in Table 1. Figure 1 further emphasizes the
pivotal role of the traction control unit in maintaining safe and stable system operation.

Table 1. Sensors used in the traction drive system.

Variable Description Unit
I, A-phase current A
I B-phase current A
Va A-phase voltage \%
W B-phase voltage \Y%
Ve C-phase voltage \%
s Motor speed r/min
Ve System input voltage \%
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Effective FD requires first representing the traction drive system in a state-space
model. Around a fixed operating point, the system can be described by a generalized linear
time-invariant model that incorporates fault-related effects [1]:

x(k+1) = Ax(k) + Bu(k) + E¢f (k) + w(k)

y(k) = Cx(k) + Du(k) + Fgf (k) + (k) @
where f(k) € R, u(k) € R*, x(k) € R¥, and y(k) € Rkv represent the actuator or sensor
faults, system inputs, state variables, and process outputs, respectively. Fault matrices E¢
and F f have compatible dimensions. The system matrices A, B, C, and D are structured
to satisfy the dimensional requirements of the state-space representation. v(k) € R and
w(k) € R represent measurement and process noises, respectively, which are assumed to
be statistically independent of u(k) and the initial state x(0) and satisfy

T .
E = 21051']' 0 , 51] = 0’1 ;é ]
0 Xudjj

Li=j
For designing data-driven FD schemes, an I/O model reflecting the relation between

w<z’>] [w(;‘)
o(i) | | 0(j)

system inputs and outputs is essential. By iteratively expanding (1), the associated 1/O
data model can be systematically represented as [19]:

Yis = I's Xy + HusUys + Hp sFrs + HuwsWis + Vigs 2)

with Yy, € REFUEXN and

C D 0 0
CA CB D 0
rs* ’ Hu,s* .

CAs CAs~1B CB D
0 0 o0 0 Ff 0 0
C 0 --- 0 CE FF -+ 0

Hw,s: . . . ] Hf,s: f f
cAast ... C 0 CA*'Ef ... CEf Fs

in which Hys € R(s—l—l)kyx(s—l—l)kx, Hf,s c R(s+l)ky><(s+l)kf’ T, € R(s—l—l)kyxkxl and
H,s € R(s+1)kyx (s+1)ku_

2.2. Kalman Filter

For the fault-free case of system (1), the KF is adopted in an innovation-based predictor
form. The innovation is defined as

r(k) = y(k) — C2(k) — Du(k) = y(k) — 9(k), (3)
and its covariance matrix is denoted by

Tk = E[r(k)rT (k)] = £, + CACT, (4)
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where P, = E[(x(k) — £(k))(x(k) — £(k))T] denotes the state estimation error covariance
matrix, and ¥, is the measurement noise covariance matrix. Then, KF gain is calculated by

Ty -1
Ky = ARC X, )
and the state estimation error covariance and state estimate are recursively updated as

Peyy = APAT +Zq — KeZ K,

. R (6)
%(k+1) = Ax(k) + Bu(k) + Kyr(k),

where %, denotes the process noise covariance matrix. The innovation sequence r(k)
represents the deviation between the actual measurement and the prediction, which can be
employed as a residual signal for FD.

2.3. Problem Formulation

In practical operation of traction drive systems, the exact covariance matrices of the
noises are often unknown, and the system parameters in the state-space representation (1)
are difficult to accurately determine [8]. Consequently, conventional KF-based FD methods
become less applicable. This motivates the development of a robust data-driven scheme that
mitigates the impact of mismatches between assumed and true noise covariance matrices
during iterative estimation, while avoiding complex system modeling. To achieve FD, the
residual vector can be constructed based on (3) as

r(k) = y(k) = g(k). )

According to (3)—(6), the residual generation process requires not only the process
I/0 data but also the knowledge of system matrices A, B, C, and D, as well as the noise
covariance matrices X, and X,. However, due to the complexity of system modeling
and the lack of accurate noise statistical information in practice, these quantities are often
unavailable. Consequently, residual generation relying on parameters specified from prior
knowledge may lead to unsatisfactory detection performance.

To achieve reliable FD, the proposed framework aims to identify system matrices and
estimate noise covariance matrices directly from process data. Therefore, the objective of
this work is to design a data-driven method capable of learning system parameters and
noise statistics from I/O measurements.

3. Proposed FD Method

Since the state vector x(k) is typically unavailable in practice, the I/O data
model (2) cannot be identified and employed directly for generating residual signals.
Consequently, the reliance on the state variable x (k) needs to be eliminated. Considering
the innovation sequence e(k) = y(k) — (k) and the gain matrix K, the I/O relationship of
the process can alternatively be described by [20]

2(k+1) = A%(k) + Bu(k) + Ke(k) = Ag2(k) + Byu(k) + Ky(k)

8
9 = C%(k) + Du(k), By = B— KD, Ax = A—KC. ®)
According to (8), the following can be obtained
Sp ‘ k—i
2(k) = AV %(k—sp) + Y A [Bg K] ulk =) )
i=1 y(k—i)

Given that all eigenvalues of Ak lie strictly within the unit circle, it follows that
A;f — 0 for a sufficiently large positive integer s;,. This leads to
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u(k —1)
sk ] (10)

This implies that the state vector x(k) can be inferred from historical I/O data.
Therefore, in the absence of faults, the model (2) can be equivalently reformulated as

Yk,s ~ FstZp =+ Hu,s Uk,s + Hw,swk,s =+ Vk,s (11)
where
L,= [A;P_lBK...Bk A;P_lK. .- K],
7 ukfsp,spfl
P kasp,spfl

Applying a QR decomposition of the form

Z, Ry 0 0]1[o
Ues| = |Ra1 R 0 | [Q2]- (12)
Yies | R3s1 Rax Rsz] |Qs

Then, one can obtain

Zp| _[Ru 0 || (13)
Us | [R21 Ra2| | Q2 ’
Yis = [Ra1 R3] gl + R33Qs. (14)

Specially, the I/O data model (11) can be further expressed as

+ Hw,ku,s + Vk,s- (15)

Z
Yk,s - [Fst Hu,s] lukp
.S

From (13)—(15), the following equivalent form can be obtained

Ry 0 || Q1
I'sL, H Hy, W, Vs =|R31 R R
[s [4 u,s} R21 RZZ] QZ + w,s k,s"‘ k,s [ 31 32] QZ + 33Q3
R 0 (16)
:>[rst Hu,s] 1 £ [RBl R32]
Ry1 Rp

HysWyis + Vis = R33Q3

In line with subspace identification methods [21], and without loss of generality, the
following result can be obtained

rank Zp = number of the row = Rix is of full row rank.
Uy s Ro1 Ro
Therefore, one can obtain
Ry 0]
[TsLp Hus) = [Ra1 Rap] | 1 (17)
Ry1 Rop

where
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-1
Ry 0
Ry1 Ry

T
Ry 0
Ry1 Ry

3 0]

Ry 0
Ry1 Ry

Ry1 Ry

With the identified matrix [I'sL, Hys], the matrices A, B, C, and D can be reliably
estimated. To extract A and C from the observability matrix, an estimation ['s is obtained
by applying SVD to I'sL,Z,

51 0
0 52%0

v

FstZp = [U1 UZ] vT
2

. (18)

Based on the decomposition, the estimation T’ is given by s = U S%/ 2, The matrix C
is estimated by

C=T(1:ky2). (19)
Concurrently, the matrix A can be estimated through the following calculation

CA C
Fo(ky+1:(s+Dky,:)=| ¢ | = D |ART A
CAS cAs1
=A= (T 0 1) T Ts(ky +1: (s + ky,2).

(20)

Furthermore, B and D can be estimated based on the Toeplitz matrix H,, ;. Specifically,
the estimations of B and D are obtained as follows:

D = Hys(sky +1: (s 4+ 1)ky, sky +1: (s + 1)ky), (21)
CB
Hys(ky +1: (s+1)ky,1:k,) = : 21, 1B (22)
CAs—1B
= B= (1 0s1) T Huys(ky+1: (s +1)ky, 1: ky). (23)

Although the measurement noise v(k) and process noise w(k) are commonly modeled
as zero-mean Gaussian vectors, their covariance matrices 2, and X, are generally unavail-
able in practice. This uncertainty may limit the monitoring performance when the KF-based
residual generation is applied. To mitigate this difficulty, the covariance matrices >, and
Y, are estimated within the KF framework using the identified matrices. The estimation is
achieved through iterative interactions between the estimator and the measurement data.

Remark 1. For notational simplicity, the matrices A, B, C, and D used in the subsequent deriva-
tions denote their estimated counterparts A B C and D, respectively.

Based on the KF formulation in (3)-(6), the following expression can be derived:

Yy + CZCl =%, 11 — Do,

(24)
Qo = C(ARAT — KX, KT CT.

Yy =X, — CPhCT = {

https://doi.org/10.3390 /machines14050465


https://doi.org/10.3390/machines14050465

Machines 2026, 14, 465

8 of 16

Within the KF framework, the following formulation is obtained based on the idea of
iterative interaction:

i . .
Yo+ Y CAS(CAN =%, 401 —Pyj, j=0,1,...

= (25)
= C<AJ+1P (AT)H1 — ZA] Ky i Zp i KL (AT )cT.
i=0
Applying the vectorization operation to (24)—(25) yields
vec(Ly) = vec(Z, x — CPLCT)
i , ‘ j
vec(Ey + Y CA'E,(CA)T) = vec(T,) + Y_[(C ADJvec(Zy) (26)
i=0 i=0
= vec(Zpkyjp1) —vec(®y;), j=0,1,...,0.
From (26), the following equivalent form can be derived
I 0 vec(X, ) — vec(CP.CT)
I CxecC ’
] _ vec(Xy) | vec(Xyjr1) — vee(Pyp) 27)
. vec(Zy)| : ’
I ZO(CAi) ® (CAY) vec(Zy kroy1) — vec(Pyy)
1=

It is worth noting that X, and X, are diagonal matrices. Therefore, they contain k
and k, independent elements, respectively. These independent elements are denoted by ¢,
and ¢,. Accordingly, there exists a matrix ¥ € RKGHE) % Uy ) gy1ch that

vec(Xy) _y o 28)
vec(Xy)

where

T

19’0 = |:UU,1/ 00,2/ e /Uv,ky] ’
T

1910 = |:0'w,1/ Ow2," " er,kX] ’

and 0, represents the i-th diagonal element of 2,7 = 1,2,...,ky, and Tw,j denotes the j-th
diagonal elementof X, j = 1,2,.. ., ky.
Substituting (28) into (27) yields

I 0 vec(X, x) — vec(CP.CT)
! coc & UeC(Zr,,kH) — vec(Pyp)
Y = ) (29)
. B :
I ¥ (ca) @ (ca) 0ec(Z k- g11) — vec(Pr )
=
Av,w
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It should be noted that (29) provides a general formulation for estimating the struc-
tured parameters of X, and X,. Based on (29), the estimations of ¥, and X can be
iteratively updated by solving the following expression:

@ (k) — vec(CPCT)

] _ p(k+1) — vec(Py) 0)

p(k+o0+1) —vec(Py,)

where i represents the iteration index in the covariance update procedure and

gk +j) = vec(ly(k+j) — gk + DI ly(k +j) — 9k +)IT), j=0,1,...,0
Accordingly, the estimations of ¥, and X, are given by

S, = diag(l%),

. P (31)
Za; = dlag(ﬁu; ) .

To enable FD, a residual vector is required for the construction of the test statistic.
Using the identified matrices A, B, C, and D, together with the estimated covariance
matrices X, and X, the residual vector r(k) is derived from the KF algorithm (3)—(6).
Based on this residual signal, the test statistic for FD is formulated as

J(r) = rT (k)X or (k) ~ x*(ky) (32)

where ¥, o denotes the covariance matrix of the residual vector under fault-free conditions.
According to the statistic in (32), the threshold J, is given by

Jin = xa(ky) (33)

where « is a user-selected significance level that sets the upper limit of the acceptable false
alarm rate (FAR).
Based on (32) and (33), the following detection logic is proposed for FD; that is,

{] (r) — Jy > 0,= fault alarm -

J(r) — Jin < 0,— no alarm.

To construct a reliable FD scheme for traction drive systems, the matrices A, B, C, and
D are identified, and covariance matrices X, and X, are estimated in an offline procedure.
During online operation, process measurements are utilized to compute the residual sig-
nals, which serve as the basis for FD. The overall design of the developed FD system is
summarized in Algorithms 1 and 2.

Algorithm 1 Design of the proposed FD scheme: Off-line Learning

Input: Fault-free process I/0O data.
Output: A, B, C, D, 2, and 2.
1: begin

2: Load process data and construct matrices Uy, Yy, and Zy;
3: Execute (12)—(17) to obtain I'sL,, and H,, s;

4: Identify A,B,C, and D using (19)—(23);

5: Obtain 3, and %, using (30) and (31).

6: end
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Algorithm 2 Design of the proposed FD scheme: Online FD

Input: Online I/O data and offline-estimated parameters.
Output: Online FD results.
1: begin
Load process 1/0 data;
Execute (3)—(6) to obtain the residual signal;
Design the residual evaluation unit using (32) and (33);
Execute FD based on the detection logic (34).
end

4. Experiment and Discussion

Experimental validation is conducted on a practical traction drive system to evaluate
the proposed approach. The test bench consists of a high-voltage control cabinet, a data
acquisition board, a computer for the program implementation, and a permanent magnet
synchronous motor, as depicted in Figure 2. The main parameters of the traction motor are
listed in Table 2. It should be noted that this work focuses on algorithm validation rather
than sensor metrology; therefore, no separate study on sensor uncertainty was conducted.
Prior to the experiments, routine checks confirmed that the sensor outputs were stable and
within the expected operating ranges under normal conditions. Consequently, remaining
sensor inaccuracies are treated as part of the measurement noise in collected data.

High voltage control cabinet

e

S ()
S -
— =

———

Permanent magnet synchronous motor |

Figure 2. Experimental setup of the traction drive system.

Table 2. Key parameters of the traction motor.

Symbol Parameter Value (Unit)
T, rated torque 2.43 (N-m)
Tm moment of inertia 0.425 x 1073 (kg-m?)
L, inductance of motor coil 2.96 x 1073 (H)
Tr load torque 3.645 (N-m)
O, magnet flux 9.92 x 1072 (Wb)
p pole pairs 4
R, resistance of motor coil 0.985 (Q))
Dy, viscosity friction coefficient 1x1074

In the experimental setup, the voltage measurements are used as input variables, while
the speed and current measurements are considered as output variables; that is,

u= Vi Va 7,

y=1[lls]" (39)
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I/0O data for the parameter estimation are collected from monitoring nodes of the
traction drive system, with representative samples shown in Figure 3. To assess the
performance of the proposed approach, two distinct fault conditions are introduced in the
traction drive system for analysis. These scenarios capture different operational challenges
that may arise in practical applications.

1.  An offset fault with a magnitude of 0.1 A is injected into I, at k = 1001st.
2. A drift fault, defined as f, = 0.15 (k — 1001) A, is applied to I, starting from k = 1001st.

To verify the effectiveness of the developed method, a conventional KF-based FD
approach [7], a unscented KF-based FD approach [12], and an extended KF-based FD
approach [15] are selected as benchmark methods for comparison, with the system matrices
considered to be known.

350 T T T T T T
S340L 4
=° 340
330 1 L I | 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

20 T T T T l‘
>° off I
—-20 | I L !
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

T T v

20
=3 i
-20 1 1 1 I 1 I 1 1 I
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
0.5 T T i
— \I I1
-0.5 ! . L
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
0.5 T T T T
= of \,
05 d ! | |
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
400 T T T T T T T T T =
s 350&,, WA AV
h 4 1 1 I 1 L L L
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time sampling step (k)

Figure 3. I/O signals of the traction drive system.

Figures 4-7 present the FD results for the offset fault scenario obtained using the three
benchmark methods and the proposed data-driven approach, respectively. Figures 4-6
indicate that deviations between the prior-assumed noise statistics and the true system noise
statistics can impair the FD performance. Although the conventional KF-based, unscented
KF-based, and extended KF-based FD methods, as well as the proposed method, exhibit
comparable FAR, the three benchmark methods suffer from limited fault detection rates
(FDR), resulting in unbalanced detection performance. It is worth noting that the abrupt
increase in the test statistic at the beginning mainly results from the initialization transient
of the KF rather than the fault itself. The discrepancy between the initial state estimate
and the true system state produces large innovations during the initial sampling instants.
Because the residual sequence has not yet converged to its steady-state distribution, the
test statistic is temporarily amplified, which leads to the observed initial spike. For the
proposed method, the FAR remains within the acceptable limit, while the desired detection
performance is effectively maintained.

Figures 8-11 show the detection results for the drift fault scenario using the three
benchmark methods and the proposed approach, respectively. A similar initial spike of
the test statistic can also be observed. This phenomenon mainly results from the transient
behavior of the iterative algorithm during its initialization stage. Since the parameter
estimates have not yet converged in the early iterations, the corresponding test statistic may
be temporarily amplified. As observed from the figures, the proposed method exhibits a rel-
atively low FDR for the drift fault scenario. This is mainly attributed to the gradual nature
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of the drift fault, where the short-term variation in system outputs may still remain within
the normal fluctuation range, making early identification difficult. Nevertheless, compared
with the conventional KF-based, unscented KF-based, and extended KF-based FD meth-
ods, the proposed data-driven method achieves more reliable FD, leading to improved
detection performance.
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Figure 4. Offset fault detection results using the conventional KF-based method.
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Figure 5. Offset fault detection results using the unscented KF-based method.
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Figure 6. Offset fault detection results using the extended KF-based method.

To further demonstrate the effectiveness of the proposed method, Table 3 provides a
quantitative comparison of the performance achieved by the benchmark FD methods and
the proposed method. Although using the same identified system matrices as the proposed
method, the conventional KF-based, unscented KF-based, and extended KF-based FD
methods neglect the mismatch between assumed and actual noise statistics, resulting in
degraded monitoring performance. In contrast, the proposed method effectively balances
the FAR and FDR. Moreover, it does not rely on precise system modeling, thereby avoid-
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ing complex model construction while still achieving the desired detection performance.
The results in Figures 4-11 and Table 3 demonstrate that, despite using the same identified
system matrices, the conventional KF-based, unscented KF-based, and extended KF-based
FD methods neglect the mismatch between assumed and actual noise statistics, resulting
in degraded detection performance. In contrast, the proposed approach alleviates this
limitation through iterative interaction and learning, effectively suppressing the adverse
effects caused by noise statistics mismatch.
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Figure 7. Offset fault detection results using the proposed method.
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Figure 8. Drift fault detection results using the conventional KF-based method.

T T T

I
40 H— — — - Threshold

Evaluation

0 500 1000 1500 2000
Sample Number (k)

Figure 9. Drift fault detection results using the unscented KF-based method.
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Figure 10. Drift fault detection results using the extended KF-based method.

Although the proposed method achieves satisfactory FD performance, several limita-
tions still remain. First, the current framework is developed based on a linear state-space
model, which is derived by linearizing the traction drive system around a stable oper-
ating point. Its applicability may be limited under strongly nonlinear conditions when
the operating state of the traction drive system varies significantly. On the other hand,
the proposed method focuses on FD and does not explicitly address fault-tolerant control.
In practical traction drive systems, reliable monitoring should be further integrated with
control reconfiguration to ensure safe operation under complex conditions.
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Figure 11. Drift fault detection results using the proposed data-driven method.

Table 3. Comparison of FD performance for different methods.

f1: Offset Fault fy: Drift Fault
Methods
FAR FDR FAR FDR
The method in [7] 0.0510 0.2430 0.0290 0.3340
The method in [12] 0.0450 0.2840 0.0310 0.4240
The method in [15] 0.0460 0.5920 0.0560 0.3360
The developed method 0.0460 0.8040 0.0150 0.5340

5. Conclusions

In this work, a data-driven FD scheme has been developed for traction drive systems
in the presence of unknown noise covariances. To avoid reliance on accurate system mod-
eling, the system matrices were directly identified from collected I/O data based on the
principle of subspace identification. To address the challenge posed by unknown noise
statistics, an adaptive covariance estimation strategy was incorporated into the KF frame-
work. By exploiting the iterative interaction between the estimator and measurement data,
the noise covariance matrices can be progressively updated, thereby mitigating the per-
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formance impairment caused by empirically specified covariance matrices. The proposed
approach was experimentally validated on a real traction drive system. It achieves an
FDR of 0.8040 for offset faults under comparable FAR and an FAR of 0.0150 for drift
faults under acceptable FDR, both outperforming the benchmark methods. These results
demonstrate that the proposed method delivers reliable and satisfactory FD performance.
It should be noted that the developed method is established for linear dynamic systems.
Future research will aim to extend the developed framework to nonlinear systems and
enhance fault-tolerant control capability under more complex operating conditions.
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