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ABSTRACT This article proposes a parametric fault detection method for switching power converters. The
method generates a health indicator to represent the health condition of the entire power converter, and
parametric faults are detected with any abnormality of the health indicator. The method first introduces
a systematic mathematical modeling framework to describe all the physical laws of the switching power
converter during healthy conditions. Afterwards, the dynamic state estimation via batch mode regression
is applied to solve the states of the system and to generate the health indicator. The health indicator
sensitively reflects the consistency between the actual measurement and the healthy circuit model by taking
the statistic characteristics of solution into consideration. The proposed method only requires terminal
measurements of the switching power converter, and does not have further assumptions on the topology
of the converter. Compared to the existing observer based approaches, the method presents higher sensitivity
during parametric faults. Compared to the existing parameter identification based approaches, the method
does not need to estimate all the parameters of the converter in order to detect parametric faults. Simulation
and experimental results on an example buck converter prove the validity of the proposed parametric fault
detection method.

INDEX TERMS Parametric fault detection, switching power converters, dynamic states estimation, health
indicator.

I. INTRODUCTION
Nowadays, with the growing penetration of switching power
converters in smart grids, electric vehicles, data centers,
motor drives and aerospace applications, safety and reli-
ability of switching power converters are of increasing
importance. ‘‘Hard’’ faults in switching power converters,
such as semiconductors failure, capacitors failure, short-
circuit/open-circuit faults, could cause sudden and catas-
trophic effect in the converters. Besides, ‘‘Soft’’ faults such
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as parametric faults (parameter drifts of key components)
should also be carefully considered, since ‘‘soft’’ faults are
usually related to degradation/aging and may evolve into
‘‘hard’’ faults. Fault detection is an effective way to detect the
fault and ensure the safe and reliable operations of switching
power converters by monitoring the system operating condi-
tions through available measurements [1], [2]. The existing
fault detection methods can be mainly classified into signal
based methods, knowledge based methods, and model based
methods [3], [4].

Signal based methods utilize the characteristics of mea-
surement signals instead of mathematical models of the
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circuit of interest for fault detection. These methods usually
assume that specific signal characteristics will only emerge
during faults. The fault detection decision is made based
on clear extraction of the signal characteristics and prior
information on the characteristics during faults. Examples of
the extracted signal characteristics include time domain
characteristics (magnitude of phase currents [5], magnetic
component voltages [6], etc.) and frequency domain char-
acteristics (spectrum of certain voltages or currents [7], [8],
etc.). Mathematical tools such as fast Fourier transform,
wavelet transform and spectral estimation can also be adopted
to accurately extract the characteristics [9]–[11]. The main
limitation of the signal based method is that it is generally
hard to empirically select a certain set of characteristics that
can clearly differentiate the fault conditions from the healthy
conditions, especially for circuits with variable operation
modes [12].

To avoid empirically selecting the fault characteristics
from measurement signals, researchers proposed knowledge
based methods (also known as data-driven methods). These
methods treat the switching power converter of interest as
a ‘‘black box’’ and can systematically extract the implicit
fault characteristics by learning from a large number of
historical data [13]. The knowledge based methods can be
further categorized into qualitative methods (fault tree, expert
system, etc.) [4] and quantitative methods (machine learning,
support vector machine, neural networks, fuzzy logic, etc.)
[14]–[18]. Nevertheless, thesemethods usually require a huge
number of high-quality historical data for training. The data
should cover a large number of fault scenarios and operating
conditions, which may not be available in practice. Also, the
computational cost of the training process is relatively high
in general.

To make full use of both the available measurements
and the converter circuit information (physical laws that the
circuit should obey, including the characteristics of each
converter circuit element, topology of the converter, etc.),
researchers also proposed model based fault detection meth-
ods, which can be further classified into the following two
groups. The first group ofmethods describes specific physical
laws of the healthy switching power converter, and after-
wards detects faults by examining whether the available mea-
surements follow the specific physical laws. For example,
to describe the overall health condition of the switching
power converter, the observer based fault detection meth-
ods are widely adopted in literatures. The main idea of the
observer based approaches is to construct an observer that
is close to zero during normal operation and relatively large
during faults, such as the difference between the actual and
estimated measurements [19], [20], a user-defined function
consisting of estimated states [21], etc. The first group of
methods is usually adopted to detect ‘‘hard’’ faults, which
correspond to complete failure (such as open circuit or short
circuit) of a certain circuit element. Nevertheless, when deal-
ing with parametric faults of the converter circuit (also known
as ‘‘soft’’ faults), since these faults are not as severe as the

‘‘hard’’ faults, thesemethodsmay encounter sensitivity issues
and therefore could sometimes fail to detect parametric faults.
The second group of methods improves the performance of
detecting parametric faults by directly identifying the corre-
sponding parameter of a certain component of the converter.
A parametric fault is detected if the difference between the
estimated and the normal parameter value exceeds a certain
threshold [22]. These methods further vary according to dif-
ferent ways of accurately identifying certain parameters. Ref-
erence [23] identifies the equivalent series resistance (ESR)
and capacitance of the capacitor of interest by sampling the
pulse width modulation signal and the capacitor output volt-
age in a buck converter. Reference [24] presents an adaptive
parameter identification approach and utilizes the gradient
descent algorithm to compute the parameters. Reference [25]
identifies the parameters through Kalman Filter with the help
of an additional injected signal with user-defined features.
Reference [26] estimates the ESR of the capacitor by adding
custom analog/digital circuits and calculating the ac losses
of the capacitor. The limitations of the second group of
methods are as follows. Firstly, in some literatures, additional
hardware/injection of signals are required to identify the
parameters of interest. Secondly and more importantly, if one
wants to determine whether there are any parametric faults
in the entire switching power converter, existing parameter
identification based fault detection methods need to compute
the parameters of all the circuit components, whichmay result
in increased computational burden especially in complex
switching power converters.

Considering the limitations of the existing methods,
the aim of this article is to find ‘‘one indicator’’ that can
sensitively demonstrate the overall system health condition:
the ‘‘one indicator’’ should present obvious abnormality if
there is any parametric fault inside the converter. Note that
this article mainly focuses on the detection of ‘‘soft’’ faults
(parameter drifts inside switching power converters such as
inductors and capacitors). On one hand the desired algorithm
should be able to sensitively detect even slight deviations
of component parameters; on the other hand the algorithm
could be designed in a slightly complex manner since the
detection of ‘‘soft’’ faults does not require real-time com-
putation (in comparison, the ‘‘hard’’ faults usually need to
be detected as fast as possible with real-time computation,
to avoid permanent damage to components inside switching
power converters).

This article proposes a model based parametric fault detec-
tion method using the health indicator in switching power
converters. The method first systematically builds the mathe-
matical model of a general switching converter during healthy
conditions, which describes all the physical laws that the
switching power converter of interest should obey. The mod-
eling procedure does not have additional assumptions on
the topology of the switching power converter, and only
requires terminal measurements of the converter. Next, with
the help of dynamic state estimation (DSE) via batch mode
regression, the method systematically solves the states of the
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mathematical model and generates a general health indica-
tor that reflects the health condition of the entire switching
power converter. The health indicator sensitively demon-
strates the consistency between the available measurements
and the mathematical model of the healthy converter through
full utilization of the statistic characteristics of the solution.
Parametric faults are detected if the health indicator presents
abnormality. The contributions of the article are summarized
as follows,
• The proposed method fully considers the physical laws
of a general switching power converter; no additional
assumptions on the topology of the switching power
converter are required;

• The proposed method only requires terminal measure-
ments of the switching power converter; no additional
sensors, analogy circuits, or injection of external signals
are required;

• The proposed method extracts one health indicator for
parametric fault detection in the entire switching power
converter; compared to the existing observer based
methods, the proposed method has improved sensitivity
to reliably detect parametric faults; compared to the
existing parameter identification based methods, it is not
necessary to estimate all the parameters of the circuit at
the same time in order to detect parametric faults.

The remainder of this article is organized as follows.
Section II introduces the systematic modeling framework of
a general switching power converter. Section III generates the
health indicator for fault detection based on DSE. Section IV
and V demonstrate the simulation and experimental results
of parametric fault detection on an example buck converter,
to verify the effectiveness of the proposedmethod. Section VI
draws a conclusion.

II. SYSTEMATIC MODELING FRAMEWORK
The proposed model based parametric fault detection method
requires an accurate mathematical model of the circuit. This
section introduces a systematic framework to mathematically
model a general switching power converter during healthy
conditions. The mathematical model accurately describes all
the physical laws that the switching power converter of inter-
est should obey. Note that this modeling framework does not
have any assumptions on the topology of the converter.

A. MATHEMATICAL MODEL IN DIFFERENTIAL AND
ALGEBRAIC FORM
A general switching power converter usually consists of
power sources, switches (diodes, MOSFETs, IGBTs, etc),
linear elements (inductors, capacitors, resistors, transform-
ers) and sometimes even nonlinear elements (transformers
with saturation characteristics, nonlinear resistors, etc.). As a
switched system, the power converter can be described via a
hybrid nonlinear mathematical model in general. The hybrid
nonlinear model consists of not only continuous variables
xi(t) (i = 1, 2, . . . , n) such as the instantaneous voltage
across or current through each branch, but also discrete (or

binary 1/0) variables Sj(t) (j = 1, 2, . . . , nS ) that represent
the on/off status of each switch, where n is the number of
states of the system and nS is the number of switches. The
hybrid nonlinear mathematical model in the differential and
algebraic form has the following standard syntax,

zactual(t) = Aeq1,S(t)x(t)+ Beq1,S(t)dx(t)
/
dt + Ceq1,S(t)

0 = Aeq2,S(t)x(t)+ Beq2,S(t)dx(t)
/
dt + Ceq2,S(t)

yactual(t) = Aeq3,S(t)x(t)+ Ceq3,S(t)

0 = Aeq4,S(t)x(t)+

 . . .

x(t)T · F(i)
eq4,S(t) · x(t)
. . .


+Ceq4,S(t) (1)

where x(t) and S(t) are the state vector and the switch status
vector (with elements of xi(t) and Sj(t) respectively);zactual(t)
and yactual(t) are the actual measurement vectors at termi-
nals of the circuit corresponding to the differential equations
and algebraic equations, respectively; Aeq1,S(t), Beq1,S(t),
Ceq1,S(t), Aeq2,S(t), Beq2,S(t), Ceq2,S(t), Aeq3,S(t), Ceq3,S(t),
Aeq4,S(t), F

(i)
eq4,S(t), and Ceq4,S(t) are the corresponding coeffi-

cient matrices as functions of S (t). Note that the syntax in (1)
is a set of algebraic and first-order differential equations with
the maximum nonlinearities of 2. Additional state variables
could be introduced to ensure the validity of this syntax if
the physical laws of the switching power converter follow
differential equations with higher order or higher nonlineari-
ties. The physical meaning of each row in (1) is summarized
in Table 1.

TABLE 1. Physical meaning of each row in (1).

Specifically, different combinations of switch on/off status
correspond to different operating modes of the switching
power converter. For each operating mode, the hybrid mathe-
matical model in (1) can be transformed into (2), where Aeq1,
Beq1, Ceq1, Aeq2, Beq2, Ceq2, Aeq3, Ceq3, Aeq4, F

(i)
eq4, and Ceq4

are the corresponding coefficient matrices, other definitions
are the same as those in (1). The detailed mathematical model
in differential and algebraic form of an example buck con-
verter is shown in the Appendix.

zactual(t) = Aeq1x(t)+ Beq1dx(t)
/
dt + Ceq1

0 = Aeq2x(t)+ Beq2dx(t)
/
dt + Ceq2

yactual(t) = Aeq3x(t)+ Ceq3

0 = Aeq4x(t)+

 . . .

x(t)T · F(i)
eq4 · x(t)
. . .

+ Ceq4 (2)
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B. MATHEMATICAL MODEL IN ALGEBRAIC FORM
In order to solve the states in the mathematical model,
the model in the differential and algebraic form in (2) is
discretized into the model in the pure algebraic form. Here
the trapezoidal integration method is selected as an example.
The first two sets of equations in (2) are integrated over
time interval [t-h, t], where h is the sample interval. The
mathematical model in the algebraic form can be written as,

z(t) = Mx(t)+ Nx(t − h)− z(t − h)+ C1

y(t) = Gx(t)+

 . . .

x(t)T · F(i)
· x(t)

. . .

+ C (3)

where z(t) = [ zactual(t) 0 ]T and y(t) = [ yactual(t) 0 ]
T are

the extended measurement vectors (including 0 as the virtual
measurements); z(t− h) and x(t− h) are the past history vec-
tors of the extended measurement and states. The parameter
matrices are,M = [Aeq1+2Beq1

/
h,Aeq2+2Beq2

/
h]T, N =

[Aeq1−2Beq1
/
h, Aeq2−2Beq2

/
h]T ,C1 = [2Ceq1, 2Ceq2]T ,

G = [Aeq3,Aeq4]T , F(i)
= F(i)

eq4 for the virtual measurement
rows, and C = [Ceq3,Ceq4]T .

Afterwards, rewrite (3) in the discrete form,

xk = Axk−1 + Buk

yk = h(xk ) = Gxk +

 . . .

xTk · F
(i)
· xk

. . .

+ C (4)

where, A = −M−1N ; B is the identity matrix; uk =
M−1 (zk + zk−1 − C1); subscripts k and k-1 represent the
values at time t and t-h, respectively.

III. HEALTH INDICATOR FOR PARAMETRIC FAULT
DETECTION BASED ON DSE
This section introduces the procedure of extracting the health
indicator for parametric fault detection in a general switching
power converter. The key idea of the health indicator is to
examine whether the available instantaneous measurements
are consistent with all the physical laws that the switch-
ing power converters during healthy conditions should obey
(described by the accurate mathematical model of the cir-
cuit). Therefore, the health indicator provides a systematic
metric of the overall health condition of the entire switching
power converter, and deviations of the parameters inside the
converter (parametric faults) will be reflected by the health
indicator.

A. DSE VIA BATCH MODE REGRESSION
To systematically solve the mathematical model of a general
switching power converter in (4), the DSE via batch mode
regression is utilized. The model and measurement error
vectors ωk and vk are the errors of the first and the second set
of equations in (4), respectively. The errors are assumed to
obey Gaussian distribution, which are good approximations
for practical circuits: ωk ∼ N (0,Q) and vk ∼ N (0,R).

The first step is to predict the estimated states x̂k|k−1 using
the first set of equations in (4),

x̂k|k−1 = Ax̂k−1 + Buk
Pk|k−1 = APk−1AT + Q (5)

where xk and x̂k are the actual and the estimated state vectors
at step k , Pk (or Pk|k−1) is the covariance matrix of the errors
of the estimated state vector x̂k (or x̂k|k−1).
The second step is to observe the fact that x̂k|k−1 can be

treated as a new set of ‘‘measurements’’ of xk with error
ek ∼ N (0,Pk|k−1). By adding the second set of equations
in (4) as another set of measurements, the dynamic state
estimation problem can be formulated using the batch mode
regression. The best estimates of the state vector is equivalent
to solving the following optimization problem,

min
xk

J = rTkWrk (6)

where rk is the residual vector, W is the weight matrix,

rk =
[

yk
x̂k|k−1

]
−

[
h(xk )
xk

]
andW =

[
R−1k

P−1k|k−1

]
.

The best estimates of the state vector x̂k can be solved
through the following iterative algorithm until convergence,

x̂ν+1k = x̂νk +
([

HT I
]
W
[
H
I

])−1 [
HT I

]
×W

([
yk

x̂k|k−1

]
−

[
h(x̂νk )
x̂νk

])
(7)

whereHk = ∂h/∂x|x=x̂νk , and I is the identity matrix with the
dimension of the number of states.

After simplification, equation (7) can be equivalently trans-
formed into (8),

x̂ν+1k = x̂k|k−1 + Kk
[
yk − h

(
x̂νk
)
+Hk

(
x̂νk − x̂k|k−1

)]
(8)

where Kk = (HT
k R
−1
k Hk + P−1k|k−1)

−1HT
k R
−1
k , Hk =

∂h/∂x|x=x̂νk , and Pk can be approximated as Pk = (I −
KkHk )Pk|k−1.

Note that when the power electronic converter is switching
between two different operating modes, the variables (includ-
ing measurements, estimated states, etc.) at the end of this
operating mode should be used as the initial conditions of
the next operating mode to ensure continuous estimation of
dynamic states of the power electronic converter.

B. STATISTICS BASED HEALTH INDICATOR
After calculating the best estimates of the state vector x̂k ,
the consistency between the measurements and mathematical
model of the switching power converter can be quantified by
the chi-square value J after substituting xk = x̂k into (6).
If the switching power converter is healthy, the actual mea-
surements should match the model very well, with relatively
small J ; otherwise, if there is any parametric fault (or even
failure of a specific element, such as open/short circuit),
the actual measurements will deviate from the model, with
relatively large J .
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There are many ways to generate the health indicator
from the chi-square value J . One common way is to use
the max/min/average value of J : a fault is detected if the
max/min/average value of J exceeds a certain threshold.
Nevertheless, this may result in inadequate sensitivity since
the parametric faults are relatively mild compared to the
complete failure of a specific element. To solve this prob-
lem, we can make full use of the statistic characteristic of
chi-square value J : if the errors ωk and vk obey Gaussian
distributions, the chi-square value should obey the χ2 distri-
bution: J ∼ χ2(m), where m is the degree of freedom, which
is the difference between the numbers of measurements and
states [27].

Therefore, a parametric fault can be detected if the actual
distribution of the chi-square value J is very different from the
ideal distribution of the value J . There are various schemes to
compare the two distributions. Here we adopt one straight-
forward way as an example. First, choose a probability
αset (0 < αset < 1). With the degree of freedom m and the
user-defined probability αset , we can find the value ξ such
that,

P(ξ,m) = αset (9)

where P(ξ,m) is the probability of the χ2 distribution given
χ2
≤ ξ and m degree of freedom.

FIGURE 1. Health indicator based on distribution curve difference.

After depicting the distribution of the calculated chi-square
value, the overlap area between the ideal and the actual distri-
bution curves is defined as Poverlap, as shown in Fig. 1. If the
switching power converter is healthy, the overlap area Poverlap
should be close to αset ; if there are parametric faults, Poverlap
will be much less than αset . The health indicator (within the
range from 0 to 1) is defined as,

HI= Poverlap
/
αset (10)

One can observe that HI should be close to 1 during normal
operation. Therefore, parametric faults are detected if

HI < HIset (11)

where, HIset is the user-defined threshold (less than 1) that
can be determined empirically.

To sum up, the flow chart of the proposed parametric fault
detection procedure is shown in Fig. 2.

IV. SIMULATION RESULTS
This section verifies the performance of the proposed health
indicator for parametric fault detection through simulation.

TABLE 2. Simulation and experiment setup of the system.

FIGURE 2. Flowchart of proposed parametric fault detection procedure.

The example switching power converter of interest is a dc-dc
buck converter as shown in Fig. 23 of theAppendix. The setup
of the system during normal conditions is shown in Table 2.
The sampling rate of the system is 5MHz. The available
measurements are also defined in the Appendix. Here Gaus-
sian distributed measurement errors with 0.1 % standard
deviations are added to the measurements. The initial value
of P is selected as a relatively large number P0 =1010I per
unit, where I is the identity matrix with the dimension of the
number of states. In this case, the user-defined settings are
selected as αset = 0.5 and HIset = 0.8 empirically to ensure
sensitivity and robustness of the parametric fault detection
procedure. Here a 5 ms time window is adopted to depict
the distribution of the calculated chi-square value. Next, the
performance of the proposedmethod is validated via different
operating conditions with different parametric faults.

A. NORMAL OPERATION
The measurements during normal operation are shown
in Fig. 3. To demonstrate the results of DSE, here we
select the actual measurements, estimated measurements and
residuals (differences between the actual and the estimated
measurements) of iin(t) as examples, as shown in Fig. 4.
One can observe that the residuals are very close to zero.
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FIGURE 3. Measurements during normal operation, simulation results.

FIGURE 4. Residuals of iin(t) during normal operation, simulation results.

FIGURE 5. Distribution of calculated chi-square value during normal
operation, simulation results.

The distribution of the calculated chi-square value is depicted
in Fig. 5. It can be observed that the calculated distribution
is very consistent with the ideal distribution. The calculated
health indicator is HI = 0.9498 > HIset . Therefore, the sys-
tem is healthy and no parametric fault is detected.

B. PARAMETRIC FAULTS OF THE INDUCTOR ONLY
A group of parametric faults of the inductor is studied. The
parametric faults are simulated by updating the inductance
value L from the normal value (518 µH) to 489 µH, 460 µH,
440 µH, 382 µH and 298 µH, respectively. Other parameters
of the power electronic circuit remain the same. Themeasure-
ments during different inductor parametric faults are shown
in Fig. 6. One can observe that the measurements change
slightly due to the parametric faults. The actual measure-
ments, estimated measurements and residuals of iin(t) with an
example parametric fault of L = 489 µH are shown in Fig. 7.
One can observe that the residuals become larger compared

FIGURE 6. Measurements during parametric faults of the inductor,
simulation results.

FIGURE 7. Residuals of iin(t) during parametric faults of the inductor:
L = 489µH, simulation results.

to those during normal operation, indicating possible incon-
sistency between the measurements and the model.

FIGURE 8. Distributions of calculated chi-square value during parametric
faults of the inductor, simulation results.

To further quantify this inconsistency, the distributions
of the calculated chi-square value during different inductor
parametric faults are depicted in Fig. 8. It can be observed
that the calculated distributions are quite different from the
ideal distribution; and more severe inductor parametric fault
corresponds to larger difference between the calculated dis-
tribution and the ideal distribution. The calculated health
indicators with 489, 460, 440, 382 and 298 µH inductances
are HI= 0.0301, 0, 0, 0, and 0, respectively. Therefore, since
HI < HIset for all above scenarios, parametric faults inside
the system are successfully detected.

C. PARAMETRIC FAULTS OF THE CAPACITOR ONLY
A group of parametric faults of the capacitor is studied. The
parametric faults are simulated by updating the capacitance
value C from the normal value (55 µF) to 40 µF, 28 µF,
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FIGURE 9. Measurements during parametric faults of the capacitor,
simulation results.

FIGURE 10. Residuals of iin(t) during parametric faults of the capacitor:
C = 40µF, simulation results.

14 µF and 0 µF, respectively. Other parameters of the power
electronic circuit remain the same. The measurements during
different capacitor parametric faults are shown in Fig. 9. One
can observe that, except for the complete failure of the capac-
itance (0 µF), the measurements change slightly due to the
parametric faults. The actual measurements, estimated mea-
surements and residuals of iin(t) with an example parametric
fault of C = 40 µF are shown in Fig. 10. One can observe
that the residuals are still quite small and do not increase
significantly compared to those during normal operation, and
therefore by only observing the magnitude of residuals one
may not be able to reliably detect the capacitor parametric
faults. This is consistent with the fact that capacitor paramet-
ric faults are more difficult to be detected than the inductor
parametric faults.

The proposed method improves the parametric fault detec-
tion sensitivity by considering the statistic characteristics
of the chi-square value. The distributions of the calculated
chi-square value during different capacitor parametric faults
are depicted in Fig. 11. It can be observed that the calculated
distributions are quite different from the ideal distribution;
and more severe capacitor parametric fault corresponds to
larger difference between the calculated distribution and the
ideal distribution. The calculated health indicators with 40,
28, 14 and 0 µF capacitances are HI = 0.4251, 0.1071,
0.0058, and 0, respectively. Therefore, since HI < HIset for
all above scenarios, parametric faults inside the system are
successfully detected.

FIGURE 11. Distributions of calculated chi-square value during
parametric faults of the capacitor, simulation results.

1) DEMONSTRATION OF ADVANTAGES TOWARDS EXISTING
OBSERVER BASED APPROACHES
Here we use parametric faults of the capacitor as examples to
demonstrate the advantages of the proposed method towards
existing observer based approaches. In fact, existing observer
based approaches can also provide an overall indicator of
the health condition of the switching power converter. How-
ever, existing approaches are mostly utilized to detect ‘‘hard’’
faults (such as complete failure of a certain element) instead
of parametric faults. This is because existing observer based
approaches usually utilize a simple threshold of the residu-
als (or a function of residuals) for fault detection. Without
considering the statistic characteristics, these methods have
limited sensitivity and therefore sometimes the parametric
faults cannot be reliably detected.

FIGURE 12. Fault detection results of the existing observer based
approach in [19] during parametric faults of the capacitor, simulation
results.

Next, the performance of the existing observer based
approach in [19] is studied to further validate the advantages
of the proposed method. The existing method first constructs
an observer γ (t), and the 2-norm of the observer ||γ (t)||2
is compared to a pre-defined threshold for the detection
of a fault. The results of the existing method with differ-
ent capacitor parametric faults are shown in Fig. 12. First,
one can observe that the value of ||γ (t)||2 increases signifi-
cantly when the capacitor is experiencing a complete failure
(C = 0 µF), which proves that the existing method works
well during ‘‘hard’’ faults. However, with parametric faults
such as C = 40 µF or 28 µF, the values of ||γ (t)||2 are on
top of each other and in this case a simple threshold may not
be sufficient for reliable detection of parametric faults. These
results prove the necessity and advantages of the proposed
method.
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FIGURE 13. Health indicator of the proposed fault detection method
during parametric faults of both the inductor and capacitor, simulation
results.

D. PARAMETRIC FAULTS OF BOTH THE INDUCTOR AND
CAPACITOR
To further validate the effectiveness of the proposed paramet-
ric fault detection method, parametric faults with inductor
faults and capacitor faults occurring at the same time are
further studied. The cases consist of a complete combina-
tion of different values of inductances and capacitances in
section IV.B and C, resulting in a total number of 30 cases
(6 inductances by 5 capacitances). The calculated values of
the health indicators are depicted in Fig. 13. The user-defined
threshold HIset is also represented in the figure. One can
observe that the values of the health indicator are less
than HIset for all parametric faults, and are generally lower
with more severe parametric faults. Therefore, the proposed
method can reliably and sensitively detect parametric faults
in all above cases.

V. EXPERIMENTAL RESULTS
The proposed health indicator for parametric fault detection
is further validated through hardware experiments. Here the
dc-dc buck converter is built with the same topology and setup
as in section IV (topology in Fig. 23 of the Appendix and
setup in Table 2 ). The hardware experimental platform is
shown in Fig. 14. The available measurements are the same
as in section IV and are obtained by the oscilloscope.

To implement parametric faults of inductors and capacitors
in the circuit, we replace the inductor and capacitor of the
circuit with different combinations of inductor/capacitor units
(with units in series or in parallel), as shown in Fig. 15 and
Table 3. For the inductors, here 4 inductor units are adopted
(with approximate values of 75, 86, 142 and 298 µH, respec-
tively), resulting in 6 different values of inductors (normal
operation: 518 µH, parametric faults: 489 µH, 460 µH,
440 µH, 382 µH, and 298 µH). For the capacitors, here
3 capacitor units are adopted, resulting in 3 different values of
capacitors (normal operation: 55µF, parametric faults: 40µF
and 28 µF). The values of the 6 inductors and 3 capacitors

TABLE 3. Parametric fault implementation.

FIGURE 14. Synchronize dc-dc buck converter experiment.

FIGURE 15. Circuit implementation.

are measured offline to ensure the parameter accuracy (one
can observe that these values are not exactly the same as the
values of corresponding units in series or in parallel, since
the values of the inductor/capacitor units are only approxi-
mate values). Meanwhile, the other parameters of the circuit
remain the same. The user-defined settings are also selected
as αset = 0.5 and HIset = 0.8 empirically.
The screen shot of the oscilloscope during normal oper-

ation is shown in Fig. 16. The measurements from the
oscilloscope during different inductor parametric faults
(1 normal operation + 5 parametric faults) and capacitor
parametric faults (1 normal operation + 2 parametric faults)
are summarized in Fig. 17 and Fig. 18, respectively (here
we re-depict the waveforms of the measurements instead
of directly presenting the screen shots of the oscilloscope,
to demonstrate the measurement differences among different
parametric faults). One can observe that the measurements do
not change much with parametric faults.
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FIGURE 16. Measurements during normal operation, hardware
experiments.

FIGURE 17. Measurements during parametric faults of the inductor,
hardware experiments.

FIGURE 18. Measurements during parametric faults of the capacitor,
hardware experiments.

The distribution of the calculated chi-square value during
normal operation is depicted in Fig. 19. One can observe
that the distribution is close to the ideal distribution. The
calculated health indicator is HI = 0.9140> HIset, imply-
ing that the system is healthy. The distributions of the cal-
culated chi-square value during inductor parametric faults
and capacitor parametric faults are depicted in Fig. 20 and
Fig. 21. It can be observed that the distribution is further away
from ideal distribution with more severe parametric faults.

FIGURE 19. Distribution of calculated chi-square value during normal
operation, hardware experiments.

FIGURE 20. Distributions of calculated chi-square value during
parametric faults of the inductor, hardware experiments.

FIGURE 21. Distributions of calculated chi-square value during
parametric faults of the capacitor, hardware experiments.

FIGURE 22. Health indicator of the proposed fault detection method
during parametric faults of both the inductor and capacitor, hardware
experiments.

The calculated health indicators with 489, 460, 440, 382 and
298 µH inductors are HI = 0.0277, 0.0203, 0.0113,
0.0025 and 0, respectively. The calculated health indicators
with 40 and 28 µF capacitors are HI = 0.4053 and 0.1356,
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respectively. The parametric faults are successfully detected
since HI < HIset for all above scenarios.

Next, to consider parametric faults cases with inductor
faults and capacitor faults occurring at the same time, we fur-
ther study a complete combination of parametric faults with
different values of inductances and capacitances (6 induc-
tances by 3 capacitances, 18 cases in total). The calculated
values of the health indicators are depicted in Fig. 22. The
user-defined threshold HIset is also represented in the figure.
It can be observed thatHI <HIset for all parametric faults, and
therefore the parametric faults can be reliably and sensitively
detected.

VI. CONCLUSION
This article proposes amodel based parametric fault detection
method focusing on capacitor and inductor parameter drifts in
switching power converters. The parametric fault is detected
through a health indicator that represents the overall health
condition of the circuit. The method first systematically
models the switching power converter in a standard syntax,
to accurately consider all the physical laws that the converter
circuit should obey during healthy conditions. Next, the states
of the system are solved by dynamic state estimation and
the health indicator is generated by checking the consistency
between the actual measurements and the healthy circuit
model. The health indicator utilizes the statistic information
of the solution so that the sensitivity of the proposed para-
metric fault detection method is much improved compared
to existing observer based approaches. In addition, since
the health indicator can reflect any parametric fault in the
switching power converter, estimating all the parameters of
the circuit at the same time is not required compared to
existing parameter identification based approaches. Simula-
tion and experimental results in an example buck converter
demonstrate the effectiveness of the proposed parametric
fault detection method.

TABLE 4. Possible values of switch status vector in CCM.

APPENDIX
This Appendix demonstrates the detailed mathematical
model of an example dc-dc buck converter, as shown
in Fig. 23. The inductor is modeled as the inductance L in
series with the inductance body resistance RL . The capacitor
is modeled as the capacitance C in series with the equivalent
series resistance (ESR) RC . The resistive load is modeled
as the resistance R. The status of the two switches can be
represented in the switch status vector S(t) = [S1(t), S2(t)]T ,
where S1(t) and S2(t) correspond to the binary status of
the switch SW1 and SW2, respectively. The possible values
of S(t) in continuous conduction mode (CCM) are shown
in Table 4.

FIGURE 23. dc-dc buck converter equivalent circuit.

The actual measurements of the switching power converter
can be selected as the voltages and currents at terminals of
the converter. Specifically, the measurements of the buck
converter include input voltage vin(t), input current iin(t),
output voltage vout (t) and output current iout (t). Note that for
this buck converter, the modeling complexity can be further
reduced if the measurement vin(t) is substituted by vd (t).
In this case the voltage across SW2 can be directed measured
instead of being represented by vin(t) and S(t). In this case,
the mathematical model of the switching power converter
is the same for the two operating modes. With the syntax
in (2), the matrices are,
zactual(t) = [ vd (t) vout (t) ]T , yactual (t) = [ iin(t) iout (t) ]T ,

x(t) = [ vC (t) iin(t) iout (t) ]T ,Aeq1 =
[
1 RL + RC −RC
1 RC −RC

]
,

Beq1 =
[
0 L 0
0 0 0

]
, Aeq2 =

[
0 −1 1

]
, Beq2 =

[
C 0 0

]
,

Aeq3 =
[
0 1 0
0 0 1

]
and the remaining matrices are null or 0.
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