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Online Anomaly Detection in DC/DC Converters by
Statistical Feature Estimation Using GPR and GA

Yueming Jiang ", Yang Yu

Abstract—DC/DC converters play an important role in electrical
systems. The anomalous state of a dc/dc converter has a major
impact on the operation of the back-end components and the
entire electrical system. To effectively recognize an anomalous state,
particularly for dc/dc converters with unknown circuit structures,
an online anomaly detection method that involves statistical feature
estimation using Gaussian process regression (GPR) and a genetic
algorithm (GA) is proposed. In the proposed method, the normal
output range is built upon the dc/dc normal output signal using
GPR, and seven statistical features are considered as the detection
indexes. In the detection process, the output signal of the dc/dc
converter is acquired, and the corresponding extreme values of
statistical features are calculated by using GA, which can effectively
reduce the operation time and the calculation consumption. The
working state of the dc/dc converter is distinguished according to
these features. Simulation and hardware experimental results val-
idate the practicability and effectiveness of the proposed method.

Index Terms—DC/DC converter, Gaussian process regression
(GPR), genetic algorithm (GA), online anomaly detection,
statistical feature estimation.

1. INTRODUCTION

C/DC converters have been widely applied in many elec-
D trical devices, including test instruments, large-scale com-
puters, and biomedical instruments. Such converters fundamen-
tally ensure electrical devices operating in their normal states.
The reliability of a dc/dc converter, which has a strong influence
on the working state of the back-end components and the entire
electrical system [1], [2], depends on the performance of its com-
ponents. With the increasing operation time, the performance
of the components including the electrolytic capacitor, power
devices, and inductance, etc., will degrade under many types of
stresses such as the voltage, temperature, humidity, and radiation
stresses [3]. For example, the capacitance and equivalent series
resistance (ESR) of an electrolytic capacitor will gradually
decrease and increase [4], [5]. These situations can cause the
dc/dc converter working anomalously, or even affect the entire
electrical system. If the anomalous states in a dc/dc converter are
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not effectively identified and prevented, the likelihood that the
anomaly develops into the sudden circuit failure will increase,
which can ultimately cause enormous economic loss. Therefore,
itis necessary and urgent to effectively detect anomalies in dc/dc
converters.

In recent years, many studies focused on detecting and di-
agnosing the faults of dc/dc converters. These fault detection
and diagnosis methods can be divided into two categories:
model-based techniques and data-driven techniques.

Model-based methods establish the relationships between the
outputs and the degradation parameters, and they are mainly ap-
plied to the dc/dc converters with the known circuit structure. For
example, in [6]-[8], the mathematical relationship between the
instantaneous capacitor voltage and the degradation parameters
was analyzed according to the circuit structures of the Flyback
converter, buck converter, and PFC converter. Meanwhile, the
additional circuits including the online monitoring system were
required. In [9] and [10], Ahmad et al. proposed techniques
to monitor the ESR and the low-frequency impedance of an
electrolytic capacitor in a PV-based dc system. The method
in [9] needed a high sampling frequency. To decrease the sam-
pling frequency, a low-frequency current ripple was injected
into the capacitor [10]. However, the injection signal would
have some effect on the normal outputs of the back circuits.
Janne et al. [11] proposed an output voltage transient step
response analysis method to detect capacitor wear-out at the
output stage of a step-down dc/dc converter. The estimation
accuracy of the degradation capacitance was dependent on the
measurement accuracy and the noise floor level, so the robust-
ness was not very high. Hiroshi et al. [12] presented a new
method for a digitally controlled switching mode power supply
to estimate the ESR from the output voltages with a step load
change. Amaral and Cardoso [13] proposed a simple online fault
detection technique that was able to prevent structural failures
in aluminum electrolytic capacitors used in the output filter
of step-down dc/dc converters. In [14], the article presented
a fast yet robust method for fault diagnosis in nonisolated
dc/dc converters. Summarizing the aforementioned literatures,
one critical condition of applying the model-based technique
to estimate anomalous states is knowing the dc/dc converter
structure very well. Moreover, other conditions include the
additional circuits or an excitation source, which may increase
the test cost and have some effect on the normal output of dc/dc
converter.

In practical applications, the circuit structures of dc/dc con-
verters are usually unknown. Therefore, data-driven methods
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are applied to detect and diagnose the anomalous states. The
relationship between the parameters to be estimated and the
available signals is established through training data, which are
obtained from the output of the dc/dc converter. In [15] and [16],
Thanh et al. presented a novel condition monitoring scheme
for estimating the ESR and capacitance of a dc-link electrolytic
capacitor in three-phase ac/dc pulsewidth modulation converters
and PWM inverter-fed induction machine drives, respectively.
Then, a recursive least-squares algorithm was implemented to
obtain the degradation parameters. An artificial neural network
(ANN) was trained in [17] and [18] to form a mapping between
the inputs and outputs of a power electronic circuit and to
estimate the capacitance. In [19], a method was suggested for
online estimating and tracking both the capacitance and ESR
using the ratio between the capacitors voltage ripple and their
current ripple. Additional data-preprocessing modules were also
needed. Khalila ef al. [20] presented an identification model
based on support vector regression, and the relation between
a known capacitor power and its corresponding capacitance
was established. The above studies established the relationships
between the degradation parameters and outputs of a dc/dc
converter using data-driven methods, such as ANN and SVM.
These methods required both normal samples and fault samples
or abnormal samples as the training data. Thus, the detection
accuracy of the data-driven methods depends on the accuracy
of these training data, especially abnormal samples. Moreover,
the fault samples or abnormal samples are usually insufficient
under the actual operation, so these samples are mainly obtained
from simulation experiments. However, differences must exist
between the fault samples obtained from the simulation exper-
iments and those extracted from the actual applications. These
situations impair the accuracy of the data-driven methods.

The detailed information of the existing techniques are shown
in Table I. The current techniques in these literatures mainly
belong to the model-based [6]-[14] and date-driven methods
[15]-[20]. A few methods [21]-[23] do not exactly belong to
these two methods. Analyzing the comparison results in Table I,
limitations and demerits of these methods still exist and are
concluded as follows.

1) Some research works mainly concentrate on building the
models to estimate or identify the component parameters, such
as the capacitance and ESR of the electrolytic capacitor. The
estimation results of these models may be influenced by the
accuracy of these models and the interference from the environ-
ment. Moreover, for detecting the anomalies caused by the weak
parameters variation in dc/dc converter, likewise the stresses,
noises, and loads, the effectiveness of the above methods may
be impractical.

2) In some studies, additional circuits will increase the test
cost, for an example, test excitation and test point are inserted
into the circuits.

3) The methods based on the model are only suitable to the
dc/dc converter with the known circuit structure. For the data-
driven methods, the high fault detection accuracy depends on
sufficient abnormal or fault samples.

Based on the aforementioned analysis, it is necessary
to propose an anomaly detection method that has the

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 35, NO. 10, OCTOBER 2020

Controller Signal
Oscilloscope

l PWM Signal

Vin DC/DC
Converter

r Anomaly Detection 1
| (1) Normal range estimation

| (2) Statistical feature
calculation

) Avomaly detection

Fig. 1. Principle of the online anomaly detection method.

capability to detect the anomalous states caused by the weak
parameters degradation of the components as well as the en-
vironmental stresses. Low-test cost and great practicability are
also two important advantages, which means the method can
be implemented economically and fulfill the actual industrial
requirement.

In this article, an anomaly detection method by statistical
feature estimation using GPR and GA is proposed. The main
principle of the proposed method are as follows. At first, the
method adopts Gaussian process regression (GPR) to estimate
the normal output range, and building the GPR model requires
only normal samples obtained from actual circuits as the training
data. Then, seven statistical features of the output are calcu-
lated by a genetic algorithm (GA), and the extreme values of
features are saved as detection indexes. Anomaly detection is
implemented by comparing the seven statistical features of the
actual output with those saved detection indexes. When one of
the features deviates from these indexes, it provides an indica-
tion that the working state of the dc/dc converter has become
abnormal.

Compared with the existing methods mentioned in Table I,
the proposed method has three merits. First one is detecting
more anomalous types and fault components, especially for the
weak parametric faults of all components. Second one is no
need the test point, test exaction, and additional test circuits, the
test cost is low. Third one is no need the structure of the dc/dc
converter. The proposed method has great practicability in the
actual applications.

This article is organized as follows. Section II presents the
principle of the proposed online anomaly detection method. The
experiments and analysis are shown in Section III to further
validate the merits of the proposed method, different compar-
ison experiments will be conducted. Meanwhile, the hardware
experiments are used to demonstrate the practicability of this
method. Finally, Section IV concludes the article.

II. METHOD OF ONLINE ANOMALY DETECTION IN
THE DC/DC CONVERTER

The online anomaly detection process is shown in Fig. 1. For
adc/dc converter, the input and output signals are dc signals, and
the PWM signal is used as the controller signal of the MOSFET.
The oscilloscope acquires the output signals of dc/dc converter.
The output signal at the initial operation stage is regarded as
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TABLE I
INFORMATION OF THE EXISTING TECHNIQUES

Fault description Test cost Circuit
Ref. Fault Fault Fault causes in the Test Test Additional reut
. . L structure
type component experiments point Excitation test structure
. . . 1. Pulse capture circuit
[6] Par;;zleltnc Eizczgiltyot r]C * * * 2. Ripple voltage isolation amplifier Known
P 3. Input and output voltage sampling circuits
Parametric Electrolytic B R V 1. Trigger circuit
71 fault capacitor 2. Isolation and amplification circuit Known
8] Parametric Electrolytic R R R 1. Trigger circuit Known
fault capacitor 2. Current and Voltage isolated amplifiers
Parametric Electrolytic R s B 1. DSP
91 fault capacitor 2. Ripple extraction circuit Known
[10] Parametric Electrolytic 1.2 times of the initial A?\Sglg Low-frequency é %ﬁgzeﬁzguiinem controllers Known
fault capacitor low-frequency impedance points current ripple 3 PWM modulator
2300 i
Parametric Electrolytic 30% capacitance . 1. STM32F407 microcontroller
i fault capacitor -30% L * ¥ 2. Spartan 6 FPGA Known
+300% ESR )
-20% or -40% capacitance
(2] Parametric Electrolytic +25% or +40% ESR * v 1. MPU Known
fault capacitor Four times of the initial 2. Anti-Aliasing Filter
value ESR
(13 FParametic — Electrolytic Twice of the ESR * # * Known
fault capacitor
Open and . OCF with a small Adding . 1. FPGA
4] Short Fault Switch duty ratio D one point ) 2. Two paralleled FD subsystems Known
SCF with D close to 80% P FIWop Y
[15] Parametric Electro'l yue * * Ac current Temperature measurement circuit Unknown
fault capacitor component
[16] Parametric Electrolytic R R Current B B
fault capacitor injection
Parametric Electrolytic ESR from 0.1 to 0.5
[17] fault capacitor Diode on-state * * * Unknown
Diode voltage from 0.4 to 0.8
(18] Parametric Electro}ytlc s R N R Unknown
fault capacitor
. . Ac voltage
[19] Parametric Electro} yue * * with a lower ~ A/D and D/A converters Unknown
fault capacitor
frequency
. . 1. Data preprocessing for the output
[20] Sudden fault Electro'l ytie -39.39% capacitance * * voltage and current Unknown
capacitor +300% ESR
2. Current sensor
Open and o .
short fault Trdnslstor Adding o« 1. Rogowski coil sensor
[21] . Electrolytic * one test * . . Known
Paramedic capacitor point 2. Gate driver circuit
fault
. Adding
[22] Open faults Dlogles * one test * Drives Unknown
Transistor point
Adding 1. Transformer
Open and . « - R .
[23] Short faults Transistor * one test * 2. An auxiliary winding in the magnetic core *
point 3. Inductor

“*” means that the relative information are not mentioned in the corresponding references.

the training samples. Then, the normal output range will be
estimated and the seven statistical features will be calculated.
The entire one-time calculation is implemented by MATLAB
software on a PC and the seven features will be saved as the
detection indexes. During the online anomaly detection process,
only output signal acquisition and simple index comparison are
implemented. The detailed principle of the anomaly detection
method are as follows.

A. Normal Output Range Estimated Based on the GPR Model

In this article, GPR is used to estimate the normal output
range. It will reduce the reliance on the fault samples, because
building a GPR model requires only normal samples obtained
from actual circuits as the training data. The estimated normal
output range is taken as the key criterion to detect an anomaly.
In general, GPR is defined as a collection of a finite number of

random variables { f (¢;)|¢; € ¢} indexed by a set ¢. The stochas-
tic process is specified by giving the probability distribution for
every finite subset of variables f(¢;) in a consistent manner [24].

For a dc/dc converter, ¢ is the input space with dimension time
indexes, which is the number of inputs of the training data. f(¢;)
is a one-dimensional dataset that represents the output signal z;,
i.e., the outputs of the training data, which are the normal output
samples, and the inputs of the testing data are the index values of
the actual output to be detected. The Gaussian process f(t) can
be fully described by the mean function m(t) and covariance
function k(t,t’), which are defined as follows:

E(f(1)) M
E[(f(t) —m(®)) - (f(t) —m())]. 2

GPR can be described as f(t) ~ GP[m(t), k(t,t')]. To en-
sure a high anomaly detection ability, it is necessary that the

m(t)
k(t,t)
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covariance function can describe all waveform trends of the
normal output of the dc/dc converter. In this study, according
to the waveform trends of the output of the dc/dc converter,
the combination covariance function is used to increase the
anomaly detection ability. The first condition is that the output
signal must be periodic, the period equals to that of the PWM
signal controlling the MOSFET transistor. Therefore, a periodic
covariance function should be used to form the combination
covariance function because of the periodic output signal which
can be defined as

2
kper(t,t') = ofexp {—F sin?(7(t — t’)/p)] . 3)
1
The dc output signal also continually fluctuates because of
the ripple. The squared exponential covariance function, as a
common covariance function, is used to form the combination
covariance function

- 'ﬂ )

kSE(t, tl) = J%exp 53
212

where o7 and o3 are the vertical scaling factors that adjust the
change of the covariance function. /; and [, are the horizontal
scaling factors that have a relative weighting effect on the
distance between the input points ¢ and t'. The parameter p
adjusts the estimation period.

Therefore, a periodic covariance function is combined with a
squared exponential covariance function to obtain a combination
covariance function, which can achieve the normal output range
with superior estimation performance in a dc/dc converter. The
combination covariance function k¢ is defined as follows:

ko(t,t') = kper(t,t') + ksu(t, 1)
2
= o?exp [—12 sin?(7(t — t’)/p)}
1

(t—t)
el

In summary, the modeling process based on GPR for dc/dc
converter is as follows.

Step 1: Choose the initial normal output as the training data
and the online real-time output as the testing data.

Step 2: Construct the combination covariance function, in-
cluding a period covariance function and a squared exponential
function.

Step 3: Set the initial values of hyperparameters, and establish
a priori model of GPR.

Step 4: Use the training data to train a priori model of GPR,
and optimize the hyperparameters.

Step 5: Obtain the optimal hyperparameters and establish a
posterior model of GPR.

Step 6: Predict the mean values and the variance values of the
online real-time output.

+ agexp [ ®)

B. Statistical Feature Calculation for a DC/DC Converter

The actual output signal of a dc/dc converter is inevitably
mixed with noise and interference because of the complex work-
ing conditions, which adversely affects the anomaly detection
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accuracy. To increase the detection accuracy and robustness
of the model, statistical features of the output are adopted as
detection indexes to identify the anomalous state in this article.
This is because when the parameters of the components degrade,
it influence the entire tendency of the output. Thus, anomaly
detection is realized by comparing seven statistical features of
the actual output with those of the estimated normal output
range.

Seven statistical features in a dc/dc converter are chosen as
detection indexes to analyze the online output. The seven fea-
tures are the range, mean, standard deviation, skewness, kurtosis,
entropy, and centroid of the output signal =, which are designated
asr, m, v, s, k, e, and c, respectively.

The range r denotes the change between the maximum and
minimum values of the output signal z, namely, the amplitude
of the output-ripple voltage, as expressed in (6). Ty .y is the
maximum value of the output signal and z,;, is the minimum
value

7" = Tmax — LTmin- (6)

Equations (7) and (8) express the mean and standard deviation
of the output signal, respectively. The mean value is the ideal
output voltage of a dc/dc converter. The length of the output

signal x is n, and z;(i = 1,2,...,n) denotes every data point
of
1 n
m=E<x>=EZ;:ci (7
i—

nil (Zw? —n- [E<x>]2>.
(3

The skewness, a measure of the asymmetry of the output
signal relative to the mean value, is defined as follows:

z—m\®
( )] ©
v
The kurtosis is a measure of the heaviness of the tails in the
distribution of the output signal 2 and can be used to establish an

effective statistical test for identifying signal changes. Equation
(10) expresses the kurtosis in the zero-mean case [25]

k = B{2*} - 3[B{2?}].

s=F

(10)

However, it is very challenging to calculate the kurtosis of the
output signal of an analog circuit based on (10). Equation (11)
gives the unbiased estimation or approximation equation [26]

_ B} ynat
2T, )

[E{=?}]

The entropy, a fundamental concept in information theory, is

also very challenging to calculate from the output signal of an

analog circuit. Equation (12) shows the approximation equation
of the entropy e [27]

e~ ki (B{G(2)})* + k2(B{G*(2)} — /1/2)°

(1)

12)
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TABLE II
OUTPUT CHANGING RATES BETWEEN THE NORMAL AND ANOMALOUS STATES

Anomaly Anomaly Anomaly Anomaly Anomaly
state 1  state 2 state 3 state 4 state 5
Original signal 021% 032% 0.01% 0.97% 0.01%
Range 9.75% 1890% 1.82% 14.02% 1.21%
Mean 0.10% 0.08% 0.03% 0.97% 0.02%
Standard deviation 11.27% 17.85% 0.20% 13.17% 0.16%
Skewness 1.28% 145% 2.43% 7.36% 1.47%
Kurtosis 046% 041% 0.63%  0.10% 0.22%
Entropy 0.03% 0.02% 0.01%  0.40% 0.01%
Centroid 170.49% 53.40% 98.85% 98.00%  106.55%

where k; = 36/(8v3 —9), kg = 24/(161/3 — 27), G'(x) =
rexp(—x2/2), and G?(x) = exp(—22/2).

The centroid is located in the closed region, which is formed
by the waveform of the output signal and abscissa axis. For a
zero-mean discrete-valued signal, the centroid can be obtained
by

T-L, n xXx;
ZZZ—%L — (13)
=11

When detecting an anomaly in a dc/dc converter, statistical
feature calculation can enhance the difference between the nor-
mal state and anomalous state and increase the robustness of the
detection method. To further demonstrate the advantages of this
estimation method, a specific example is presented. For a buck
converter, the anomalous states will be caused by the parameter
degradation of the electrolytic capacitor and the inductor, etc.
Chormals Lnormal, and ESRyoimar represent the normal capacitance
value, inductor value, and ESR of the electrolytic capacitor, re-
spectively. The anomalous states include —10% C'ormal, —15%
C4n0rmals +20% ESRnormal’ —25% Lnormah and +10% ESRnormal:
denoted by anomalies 1, 2, 3,4, and 5, respectively. Two hundred
output samples are obtained for each state, with a sampling
interval of 1 ps. The output difference between the original
signals and the seven statistical features of six states including
the normal and all five anomalous states are compared. The
difference is defined as (14). Vjorma means the original output
or the statistical features of the normal states. Vipomaty means
these outputs of the anomalous states. D,y means the anomalous
output changing rate compared with the normal outputs

C =

Drate _ V;'normal - V;\nomaly % 100%.

14
V;mrmal ( )

According to (14), Table II shows the results.

In Table II, the relative change rates of five anomalous states
are very small when comparing the original outputs between the
normal and anomalous states. Then, using the statistical features,
most relative change rates are larger than those when using the
original outputs, especially the relative change rates of range,
standard deviation, skewness, and centroid are great large. In
conclusion, the statistical features of the output can be used to
characterize the output deviation more clearly than the original
outputs.
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C. Extreme Values Calculation for Statistic Features of the
Normal Range Based on GA

The normal output range can be obtained by GPR, the max-
imum and minimum values of seven features are needed to
acquire. For calculating the extreme values, it is necessary
to calculate seven features for each normal output and then
to compare these features. However, the normal output range
includes numerous normal outputs. Thus, the calculation will be
very large and complicated, which will increase the modeling
time and the calculation consumption of the proposed method.
Meanwhile, the extreme values are used as the detection in-
dexes, which directly determine the anomaly detection accuracy.
Hence, the article calculates these extreme values using the GA.
Because GA, as an optimum algorithm, not only can reduce the
operation time, but also can obtain more accurate extreme values
than the randomly sampling output signals mentioned in [28].
The process of GA search is described as follows.

First, set the encoded mode of the output data of every sam-
pling as binary. Each normal output is the gene of the individual,
the number of normal outputs is set as /V, and the number of
sampling points is m. Therefore, the encoded digit n identifies
the least positive integer that makes 2" > N reasonable. Every
n X m matrix of binary code represents each normal output.
Second, set the fitness function. In each generation, the fitness
of every individual in the population is evaluated, which is
the value of the fitness function in the optimization problem.
Individuals with higher fitness are stochastically selected from
the current population. The equation of each statistical feature
is the objective function. The fitness function is the exponential
form of the objective function with the base of the natural
number. Third, design the genetic operators. The type of selected
operator is proportionate selection, i.e., roulette-wheel selection.
The modes of the crossover operator and mutation operator
are single-point crossover and simple mutation, respectively.
Finally, the selection process for the extreme values of the seven
statistical features is based on the GA as follows.

Step 1: Perform binary encoding and parameter initialization.
The parameters include the population, generation, crossover
probability, and mutation probability.

Step 2: Calculate the fitness values of the individuals. Each
individual expresses each normal output in the estimated normal
output range. The genes are selected, crossed, and mutated to
produce the new generation.

Step 3: Terminate the algorithm when the maximum number
of generations has been produced. The results are the maximum
and minimum values of each statistical feature.

Step 4: Compare the seven statistical features of the actual
output with the extreme values in the estimated normal output
range, and detect any anomaly in the dc/dc converter.

D. Procedure of Online Anomaly Detection

The detailed procedure of the proposed online anomaly de-
tection method is described in Fig. 2.

Step 1: Collect the actual normal outputs of the dc/dc converter
used as the training data of GPR.

Step 2: Estimate the reasonable normal output range based on
GPR, which is the key criterion to detect the anomaly outputs.
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Collecting the normal output in the initial state of
the DC/DC converter

v

Estimating the normal output range based on GPR

v

Calculating the maximum and minimum values of seven statistical
features in the normal output range based on GA

v

Online collecting the actual output

v

Comparing seven statistical features of the online
output with the extreme values

v

Detecting the anomaly online

Fig. 2. General diagram of online anomaly detection.
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L || samples of the | "~
different states >
Fig. 3. Simulation experiment process of online anomaly detection.

Step 3: Calculate seven statistical features to describe the
output of the dc/dc converter.

Step 4: Utilize the GA to calculate the maximum and min-
imum values of these features in the estimated normal output
range.

Step 5: Compare the seven features of the actual output with
the extreme values. The anomaly will be detected online when
any one of the seven features of the actual output deviates from
the extreme values.

III. EXPERIMENTS AND ANALYSIS

The proposed online anomaly detection method can be ap-
plied to a dc/dc converter irrespective of whether the circuit
structure is known. To demonstrate the advantages and the va-
lidity, the simulation and hardware experiments are conducted.

A. Simulation Experiment Based on PSpice Simulation

When detecting the anomaly, the only needed information is
the output samples, both the circuit structure and component
parameters of the dc/dc converter are not required. To verify
the proposed method by simulation experiment, the component
parameters of the chosen experiment circuit structure are aware
here for injecting the anomalous states. The simulation exper-
iment process of online anomaly detection is shown in Fig. 3.
Buck converter is chosen as the experimental circuit, which is
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TABLE III
PARAMETERS OF BUCK CONVERTER

Parameter Variable Value
Input voltage Vin +3V
MOSFET transistor M IRF150
Internal resistance of MOSFET transistor Ron 0.01Q
Period of PWM signal PER 40 us
Pulse width of PWM signal PW 24 us
Capacitance of electrolytic capacitor C 4.7uF
Inductance of inductor L 110uH
Internal resistance of inductor RL 0.1 Q
Internal resistance of diode Rd 0.01 Q@
ESR of electrolytic capacitor ESR 0.1 Q
Output load resistor R 50 Q
t] 95‘% conf';dence i1‘1terval
— The training data
275 The normal output
2 21t .
= )
B O T
3 265} f .
Q | i
S i A
= oo o
S 26t ANANANA
[ it i i
=] I/ i f
£ BYRERUAN
WYYy
2.5F B
245 . . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500
The number of the sampling points
Fig. 4. Estimated normal output range based on the GPR model.

composed by capacitor, resistors, and MOSFET transistor, etc.
The tolerance of all components is set to 5%. The amplitude
of the input voltage is +3 V. Simulations are conducted using
PSpice 16.7. The specifications and parameters of the converter
components are given in Table III. The buck converter discussed
here is just an example for showing the working procedure of the
proposed method. In fact, the proposed method can be extended
to various PWM dc/dc converters topologies irrespective of the
circuit structure.

The dc/dc converter at the initial operation stage is considered
in the normal state. The normal samples are collected as the
training data to build the model based on GPR, and the sampling
interval is set to 1 us. According to output of the dc/dc converter,
the suitable covariance function and hyperparameter values are
selected to make GPR model detect the weak anomalous states
and normal states effectively. The estimated normal output range
obtained by the GPR model is shown in Fig. 4 using MATLAB.

In Fig. 4, the normal sampling points from 0 to 300 represent
the training data, i.e., the normal outputs. For the GPR model,
the sampling points from 301 to 500 are used as the testing data.
The gray band represents the estimated normal output range,
while the red dashed line represents the online normal output.
Because the output samples in the normal output obey a Gaussian



JIANG et al.: ONLINE ANOMALY DETECTION IN DC/DC CONVERTERS BY STATISTICAL FEATURE ESTIMATION USING GPR AND GA

distribution, and the mean and square deviations are estimated
by GPR, the range of the normal output in this article is set to
twice the square deviation, i.e., approximately 95%. This setting
demonstrates that the output range of the GPR model has a high
identification ability for the normal samples.

To further demonstrate the advantages of the proposed
anomaly detection method, four comparison experiments are
conducted.

1) Online Anomaly Detection Under The Ideal Condition:
Based on a theoretical analysis, the dc/dc converter is a lin-
ear time-invariant (LTI) system. However, the dc/dc converter
cannot maintain in an LTI system in actual operation, as the
parameters of the critical components will degrade under differ-
ent working conditions. In [3], the fragile components in power
electronics converters include power device (MOSFET), capaci-
tors, inductors, and resistors. Different types of components have
different fault modes and failure mechanisms; the capacitance C
tends to decrease and the Ron, RL, and ESR tend to increase with
the increasing operation time in the dc/dc converter.

For the dc/dc converter, anomaly usually comes from two
sources. One is the parameter degradation of the components
in dc/dc converters, and the other one is the abnormal operation
conditions, such as changing loads or the operation temperature.
Based on the above analysis, there are three types of the states
to be injected. The first type is the normal states, denoted
as N1-N4, in which the parameter deviation of all compone-
nts is less than the tolerance 5%. The second type is the anoma-
lous states, in which the parameter deviation of all components
is more than the tolerance 5%, denoted as AN1-AN6, AN7, and
ANS are the open and short faults. The third type of state is the
anomalous states, denoted as AN9-AN10, caused by the load
changes. The normal set and anomaly set are listed in Table IV.

To enhance the difference between the normal state and
anomalous state, seven statistical features are used as the de-
tection indexes. The extreme values of seven features based on
the estimated output range are quickly calculated by a GA, which
will increase the modeling time and the calculation consump-
tion. The extreme values are listed in Table V.

The extreme values in Table V are the key criteria for detecting
an anomaly in a dc/dc converter based on the proposed method.
Seven features of each state are listed in Table VI.

In Table VI, all features of the normal states N1-N4 are in the
normal output range. For the anomalous states, these cells with
the bold fronts and green shadows indicate that the correspond-
ing statistical features exceed the extreme values. Therefore,
ANI1-ANI10 are distinguished as anomaly states because there
is at least one feature deviating from the extreme values.

Table VII lists the comparison results among the proposed
method, the original comparison mentioned in Section II, the
estimation method mentioned in [7], and support vector data
description (SVDD) method. SVDD is widely used as a fault
classifier to detect anomalies and it adopts the same features as
the proposed method. For the original comparison, the principle
of the anomaly detection is that the output deviates from the
normal threshold values, which are the output extreme values
when all parameters of the components are in the tolerance 5%.
For the estimation method in [7], it adopts the model to calculate
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TABLE IV
NORMAL SET AND ANOMALY SET IN THE BUCK CONVERTER

Number of degrading Parameters Pgra_lmeter_
parameters deviation ratio
N1 1 Ron 2%
N2 2 L +2%
RL +3%
N3 2 ¢ -1%
ESR +4%
Ron +5%
N4 3 C 5%
ESR +4%
AN1 1 Ron +35%
AN2 2 L +10%
RL +7%
C -5%
AN3 3 ESR +6%
Ron +10%
C -10%
AN4 4 ESR +1%
L +15%
RL +11%
C -6%
ANS 4 ESR +12%
L +11%
RL +23%
C -9%
ANG6 5 ESR *13%
L +22%
RL +14%
Ron +11%
AN7 1 L Open fault
ANS 1 C Short fault
AN9 1 R (Load) +10%
AN10 1 R (Load) 8%
TABLE V
MAXIMUM AND MINIMUM VALUES OF SEVEN STATISTICAL
FEATURES UNDER IDEAL CONDITION
r m v s k e c
Max 0.181 2.605 0.055 0.446 1.268 22.55 17.92
Min 0.173 2592 0.052 0.343 -1.483 22.53  -36.10

the capacitance and ESR values. The anomalous states can be
identified when the calculation values deviate from the tolerance
range of these two parameters. The normal criterions of the
proposed method and SVDD are acquired according to the
established models.

The results state that the proposed method has the stronger
identification ability of the normal and anomalous states than
the other three methods. The limitations for three methods are as
follows. At first, the outputs of the original comparison method
do not be processed by the feature extraction. Therefore, this
method can only identify the normal states and the anomalous
states with the obvious difference from the normal state. It has a
poor identification ability of the subtle anomalous states caused
by the weak parameter degradation and the load changing. Then,
the estimation method in [7] has two limitations, one is that
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TABLE VI
SEVEN STATISTICAL FEATURES OF THE NORMAL AND ANOMALOUS SATES

r m v K k e c
N1 0.175 2.601 0.052 0423 1.215 2253  11.56
N2 0.177 2594 0.055 0.375 0.468 22.54 0.76
N3 0.180 2.592 0.054 0437 0.591 22,55  12.04
N4 0.179 2.603 0.053 0398 -1.160 22.53 -25.89
r m v s k e c
AN1  0.185 2.591 0.052 0412 -0.589 2254 -11.05
AN2  0.188 2.599 0.053 0.368 1.308 22.55 -29.09
AN3  0.190 2.602 0.054 0.391 0.766 22.54  19.23
AN4  0.215 2.583 0.051 0475 1.125 22.55 28.12
ANS5  0.231 2.675 0.045 0.513 0.909 22.53 3295
AN6  0.272 2.713 0.059 0.575 3.013 2272  28.12
AN7  0.011 0478 0.159 0.675 7.495 3225 58.15
AN8  0.024 0.036 0.018 0.276 -5.378 10.89 -45.18
AN9  0.173 2493 0.054 0392 0.729 22.54  -37.23
AN10 0.179 2.671 0.052 0432 0.816 22.53 27.05
TABLE VII

DETECTION RESULTS FOR SINGLE OUTPUT USING DIFFERENT METHODS
UNDER THE IDEAL CONDITION

.. . Estimation
The proposed Orginal signal - “ o™ gypp
parson Reference [7]
N1 v v v v
N2 4 V4 X v
N3 v v i v
N4 4 V4 X Vv
AN1 4 X V4 X
AN2 4 X Vv X
AN3 4 X X X
AN4 V4 X Vv Vv
ANS v v vi v
AN6 v v v v
AN7 v v v v
ANB v v v v
AN9 4 X X X
ANI10 v X X X

“\/” means that this state can be detected.
“x” means that this state cannot be detected.

the parameters of the other components except for the electric
capacitor should be the nominal values when obtaining the
accurate calculation values. The normal states N2 and N4 are
improperly determined as the anomalous states. The other is
that the accuracy of calculation values is strongly determined
by the accuracy of the output. For the anomalous states AN3,
ANO, and AN10, they are improperly determined as the normal
states because the anomalous outputs deviate weakly from the
normal output. Finally, the model established by SVDD has great
identification ability of the normal state and the anomalous states
caused by the large parameter degradation. The identification
ability is not good for the anomalous sates caused by the weak
parameter degradation.

To further compare the anomaly detection ability, Monte
Carlo simulation is used here. The component tolerance is set to
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TABLE VIII
DETECTION RESULTS FOR MULTIPLE OUTPUTS USING DIFFERENT METHODS
UNDER THE IDEAL CONDITION

.. . Estimation
mhe el Ol ol o’ svop
Reference [7]
Normal Normal Normal Normal
detection detection detection detection
accuracy accuracy accuracy accuracy
N1 95.50% 95.50% 92.50% 98.50%
N2 95.00% 96.50% 51.50% 98.00%
N3 96.00% 97.00% 94.00% 97.50%
N4 94.50% 96.50% 44.50% 98.50%

Anomaly Anomaly Anomaly Anomaly

detection detection detection detection

accuracy accuracy accuracy accuracy
AN1 92.50% 64.00% 91.50% 55.00%
AN2 95.50% 59.50% 95.50% 57.50%
AN3 97.50% 69.50% 51.50% 75.00%
AN4 98.50% 76.50% 92.50% 89.50%
ANS 99.50% 90.50% 97.00% 95.00%
AN6 100.00% 98.00% 98.50% 100.00%
AN7 100.00% 100.00% 100.00% 100.00%
ANS 100.00% 100.00% 100.00% 100.00%
AN9 94.50% 69.50% 62.50% 71.50%
AN10  94.00% 56.50% 51.50% 67.50%

5% and 200 simulation experiments are carried out. Table VIII
lists the comparison results.

The results from Table VIII show that the proposed method
can significantly increase the anomaly accuracy, especially for
the anomaly states caused by the weak parameter degradation
of the components.

2) Online Anomaly Detection Under Noise: The aforemen-
tioned normal outputs are obtained under ideal working con-
ditions. In fact, noise and interference inevitably exist in the
actual output of the dc/dc converter and derive from five types
of sources: the low-frequency input ripple caused by the elec-
trolytic capacitor, the high-frequency ripple caused by the high-
frequency power switch circuit, common-mode ripple noise
caused by the parasitic parameter, ultrahigh-frequency noise
caused by the power component, and ripple noise caused by
the closed-loop regulator [29]. The noise and interference may
hinder the identification of the anomalous states. To simulate the
actual outputs under different working conditions, this article
adopts the normal outputs mixed with different amplitudes of
the noise. There are four types of noise, whose amplitudes are
+10, £25, £40, and £80 mV. These normal samples are used
as training data to build the GPR model. The results are shown
in Fig. 5.

In Fig. 5, different normal outputs can be included by the
estimated normal output range. The GPR model can adjust the
estimated range according to the actual output under different
working conditions and decrease the effects of the noise and
interference on the anomaly identification ability. Therefore, the
GPR model is suitable for different working conditions, and the
estimated normal output range is valid and effective.

To demonstrate the detection ability under the noise condi-
tion, the output with 40 mV noise is used as an example.
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output with various noise amplitudes.

TABLE IX
MAXIMUM AND MINIMUM VALUES OF SEVEN STATISTICAL
FEATURES UNDER THE NOISE

r m v s k e c

Max 0.176 2589 0.059 0.686 0.781 22.55  19.08

Min 0.152 2575 0.048 0.229 -1.948 2251 -14.88
TABLE X

DETECTION RESULTS FOR SINGLE OUTPUT USING DIFFERENT
METHODS UNDER NOISE

Estimation
methods
Reference [7]

The proposed  Original signal

method comparison SVDD

N1
N2
N3
N4
AN1
AN2
AN3
AN4
ANS
AN6
AN7
ANS
AN9
AN10

<<

X X L L <X X X X X L <L <<
XX L LU X XX X X L << <

LU«
X X < L < < <X X X X X X

“\/” means that this state can be detected.

IR

%" means that this state cannot be detected.

The extreme values of the seven statistical features are listed
in Table IX based on the proposed method.

The output for each state in Table IV is acquired under the
noise condition. The comparison experiments are conducted and
the detection results are shown in Table X.

Under the noise, the proposed method also has the stronger
identification ability of the normal and anomalous states than
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TABLE XI
DETECTION RESULTS FOR MULTIPLE OUTPUTS USING
DIFFERENT METHODS UNDER NOISE
.. . Estimation
The oped. Ol S il svo
Reference [7]

Normal Normal Normal Normal
detection detection detection detection
accuracy accuracy accuracy accuracy

N1 93.50% 93.50% 83.50% 95.50%
N2 94.00% 94.50% 50.50% 95.00%
N3 94.00% 95.50% 85.00% 95.00%
N4 93.50% 94.00% 44.50% 95.50%
Anomaly Anomaly Anomaly Anomaly
detection detection detection detection
accuracy accuracy accuracy accuracy
AN1 91.00% 59.00% 85.50% 51.00%
AN2 95.50% 54.50% 89.00% 55.00%
AN3 95.00% 65.00% 51.50% 72.50%
AN4 96.00% 71.50% 89.50% 77.00%
ANS 95.50% 97.50% 95.00% 89.00%
ANG6 97.00% 98.00% 94.50% 92.00%
AN7 100.00% 100.00% 100.00% 100.00%
ANS8 100.00% 100.00% 100.00% 100.00%
AN9 92.50% 69.50% 60.50% 68.50%
AN10  92.00% 56.50% 49.50% 65.50%

the other three methods. Because of the noise in the output,
some weak anomalous states may not be detected by the original
comparison method and SVDD. For the estimation method, the
noise existing in the output has the adverse effect on the accuracy
of the output, so the detection results are worse than that under
the ideal condition.

In the simulation environment under the noise, the tolerance
of the component has been set to 5%, 200 outputs are acquired
by Monte Carlo simulation. The comparison results are shown
in Table XI.

From Table XI, the proposed method can also obtain a high
anomaly detection accuracy, especially for the anomaly states
caused by the weak parameter degradation of the components.
Compared with the results in the ideal simulation, the detection
accuracy decreases because of the noise in the outputs.

3) Comparison of The Robustness: The article adopts sta-
tistical features to describe the output, which can enhance the
difference between the normal and anomalous state. This is
because the statistical feature expresses the entire changes of
the output in the dc/dc converter rather than each local change
of the outputs. The estimation effectiveness of statistical feature
is unaffected by the local detail changes derived from accidental
interference and noise. Therefore, this method can increase the
anomaly detection ability and the robustness. An output with
425 mV noise is used as an example, in Fig. 6, where the red
line represents the output with the local interference, and the
normal output range is obtained by GPR. A few output samples
exceed the normal output range.

The comparison experiment is conducted to demonstrate the
advantage of the statistical feature estimation. The comparison
method is that the normal output with the local interference is
directly compared with the normal output range point by point.
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Fig. 6. Output with local interference.

The principle of anomaly detection is that the output will be
considered as an anomalous state once any one output sampling
point exceeds the normal output range. The detection results
are expressed as the number of actual output sampling points
locating outside the estimated normal output range. For the
actual output in Fig. 6, the result is 180/200, which means that
there are 20 output sampling points exceeding the normal output
range; then, this normal output with local interference is falsely
identified as an anomalous state. The low normal identification
ability leads to false alarms. When using statistical feature esti-
mation, the number of statistical features exceeding the extreme
values is used to express the anomaly detection results. The
results are that none of the features exceeds the extreme values,
which indicates that the output is the normal state. For the direct
output comparison point by point, the reason of an incorrect
detection result is that the direct output comparison shows local
changes, the robustness to noise and interference is low. In fact,
the parameter degradation of the component always has an effect
on the entire changes of the output. The statistical feature estima-
tion can express the trending changes of the output and can more
clearly indicate the anomalous states than using a direct output
comparison point by point. This demonstrates that statistical
feature estimation has a high normal state identification ability
and robustness to noise and interference.

4) Comparison of Operation Time: After sampling the out-
puts from the actual circuits, the process of anomaly detection is
completed by MATLAB on a PC. The operation time includes
the modeling time and detection time. Even though the modeling
process consumes the most operation time, this process is only
operated once before the detection process.

For the modeling time, two comparison experiments are con-
ducted to validate the statement that the proposed method needs
less modeling time. 1) For decreasing the modeling time, the
proposed method uses the GA search to obtain the extreme val-
ues of seven features. A comparison experiment between the GA
search and the related conference paper [28] is conducted. For
example, the extreme statistical features in [28] are calculated
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DC power supply

Fig. 7. Hardware experiment platform.

by the randomly sampling 1000 output signals, the extreme
values of each feature of these output signals are considered
as the detection indexes to identify the anomalous state. The
obtained extreme values are not accurate, and the calculation cost
is high. In this article, the number of executions by a GA search
is set to 200, because the extreme values maintain unchanged
when 200 executions are performed. The large difference in
the number of executions indicates that the GA search can
significantly reduce the operation time, and the extreme values
are more accurate than the conference paper [28]. 2) The second
comparison experiment is conducted between SVDD and the
proposed method. The operation time of the proposed method
and SVDD are 11.657 and 14.265 s. The results show that the
proposed method, compared with SVDD, can weakly reduce the
modeling time.

For the detection time, only a simple comparison is imple-
mented, so the detection time is short to microseconds. It will be
very short for both SVDD and the proposed method. Therefore,
the online anomalies can be quickly detected based on the
established models.

B. Hardware Experiment

The experimental environment of the software is too ideal
to simulate the real environment where a circuit operates. In
addition, noise and interference inevitably exist in the actual
output of the dc/dc converter. A hardware experiment platform
is built to verify the effectiveness of the proposed method. The
hardware experiment circuit involves a buck converter. Fig. 7
shows the hardware experiment platform.

The hardware experiment platform consists of three major
instruments. The dc signal source is an Agilent U001 A single
output dc power supply that supplies +3 V power to the buck
converter. The Agilent 33220-A signal generator generates the
PWM signal that controls the MOSFET transistor IRF 150. The
period of the PWM signal is set to 50 us, and the duty cycle
is set to 50%. The MOS6012 A oscilloscope is used to show
the waveforms of the output and export the output data into the
computer.
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Fig. 9. Estimated normal output based on GPR model in the hardware
experiment.

For the dc/dc converter, the anomalies are derived from the
changing load conditions and the degrading parameters of the
components. In this article, to validate the effectiveness and
practicability of the proposed method, the hardware experiments
are conducted in two types of operating conditions, including
ambient temperature and different operating temperatures.

1) Online Anomaly Detection Under Ambient Temperature:
In the hardware experiment, first, the hardware circuit is placed
in a temperature chamber, the operating temperature is set as
25 °C to keep the circuit under ambient temperature. The hard-
ware experiment platform in the temperature chamber is shown
as Fig. 8. Then, the number of the normal sample points and
the sampling period of the output signal are set to 500 and 1 us,
respectively. The initial 300 points are taken as the training data,
and the normal output range is determined using GPR. Fig. 9
shows the normal output range. Finally, the extreme values of
seven statistical features are quickly calculated from the normal
output range by the GA. Seven features are listed in Table XII.
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TABLE XII
MAXIMUM AND MINIMUM VALUES OF SEVEN STATISTICAL FEATURES IN
HARDWARE EXPERIMENT

r m v K k e c
Max 0.054 2339 0.088 0.325 0.342 2144  53.01
Min 0.049 2335 0.064 0.116 -1.275 21.43  -46.00
TABLE XIII
ANOMALY SET IN THE HARDWARE EXPERIMENT
Number of degrading P Values of the
arameters
parameters parameters
AN1 2 C 6.935 uF
ESR 1.516 Q
AN2 5 C 4.273 uF
ESR 0.941 Q
AN3 2 C 3912 uF
ESR 0.987 Q
AN4 2 C 3.597 uF
ESR 1.034 Q
ANS 5 C 3.357 uF
ESR 1.081 Q
AN6 2 C 3.133 uF
ESR 1.129 Q
AN7 ) C 2.938 uF
ESR 1.176 Q
ANS ) C 2.231 uF
ESR 1.786 Q
AN9 1 R (Load) 54 Q)
AN10 1 R (Load) 47 Q
ANT11 1 R (Load) 60 Q
ANI12 1 R (Load) 44 Q
TABLE XIV

AVERAGE ANOMALY DETECTION ACCURACY WITH DIFFERENT DETECTION
METHODS IN HARDWARE EXPERIMENT

The Original ~ Estimation
proposed signal methods SVDD
method  comparison Reference [7]
Average
anomaly 9, 600, 59.00% 85.50% 51.00%
detection
accuracy

When the dc/dc converter operates under ambient tempera-
ture, the anomalous states derive from the degrading parameters
of the components and the changing load. Hence, in this article,
the anomalies are caused by the changing parameters of the
electrolytic capacitor and the different load conditions. The
normal capacitance and ESR values used in this article are 4.7 uF
and 0.893 2, which, combined with 47 uF, are used to construct
the anomalous states. The values of the capacitance and ESR
are measured by the LCR measurement instrument MT 4080 A.
The anomalous set is shown in Table XIII.

For the hardware experiments, the fault or anomalous samples
are insufficient, the result is defined as the average detection
accuracy of all the anomalous states. The average anomalous
detection accuracy is shown in Table XIV.
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TABLE XV
ANOMALY DETECTION ACCURACY BY USING DIFFERENT METHODS IN
HARDWARE EXPERIMENT
The Original Estimation
proposed signal methods SVDD
method comparison Reference [7]
Temperature Anomg]y Anom.aly Anom‘aly Anom.aly
stress detection  detection detection detection
accuracy accuracy accuracy accuracy
35°C 88.50% 42.50% 52.50% 57.50%
45°C 90.00% 53.00% 56.50% 63.50%
50°C 91.50% 55.50% 59.00% 70.00%
55°C 92.00% 60.50% 61.50% 74.00%
60°C 94.00% 73.00% 65.50% 77.50%
65°C 95.50% 78.50% 75.00% 85.50%
70°C 96.50% 85.50% 85.50% 93.00%
75°C 100.00% 90.50% 93.50% 98.50%
80°C 100.00% 98.50% 98.00% 100.00%

The results in Table XIV demonstrate that the proposed
method, compared with the other three methods, can increase
the anomaly detection accuracy and has higher anomaly identi-
fication ability in actual operation.

For the results in Table XIV, the modeling time of the pro-
posed method and SVDD mainly consumes in the operation
process, the modeling process is the same as the simulation
experiment, so the modeling time is still 11.657 and 14.265 s.
For the detection time, it will be very short for both SVDD
and the proposed method. Because only a simple comparison is
implemented, it may be short to microseconds.

2) Online Anomaly Detection Under Abnormal Operating
Temperatures: In actual operation, the environmental stresses
of the dc/dc converter may not keep stable. In this article, the
abnormal temperature is chosen as the abnormal environment
stress. When the converter operates in the abnormal temperature
for some time, the abnormal environment stress may accelerate
the parameter degradation of the components in the dc/dc con-
verter and the load changing. The causes of anomalous states
are unclear and complex. The abnormal stresses include 35, 45,
50, 55, 60, 65, 70, 75, and 80 °C. The output of dc/dc converter
is considered as the normal state at the 25 °C operation tem-
perature. First, nine hardware circuits of the buck converter are
prepared to operate under nine temperature stresses. Then, for
each circuit, the normal output range is estimated by GPR using
the normal output at a 25 °C operation temperature. Finally, nine
circuits are placed into the temperature chamber to operate under
nine temperature stresses. The duration time of the temperature
experiment is 72 h, and 200 outputs of each circuit are obtained.
The anomaly detection accuracy based on the proposed method
and three comparison methods are shown in Table XV.

From Table XV, the anomaly detection accuracy of the pro-
posed method is higher than that of the other three methods,
which demonstrates that the proposed method can significantly
increase the anomaly detection accuracy and has high anomaly
identification ability.

In summary, the results of the above hardware experi-
ments show that the proposed method can detect not only
the anomalous states caused by the original defects of the
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components and changing operation conditions, but also the
occasional anomaly derived from abnormal load conditions.
These results demonstrate the effectiveness and practicability
of the proposed method.

IV. CONCLUSION

This article presents a method of online anomaly detection by
statistical feature estimation using GPR and a GA for a dc/dc
converter with a known or unknown circuit structure. The normal
output range is estimated based on GPR. The extreme values
of seven statistical features are calculated by a GA using the
normal output range. In the simulation experiments, the method
is applied to a buck converter under ideal and noisy conditions.
All normal states and anomalous states can be effectively iden-
tified using the seven statistical features estimation. It is demon-
strated that the normal output range based on GPR is suitable
for application in various working conditions. Compared with
original comparison method, estimation method, and SVDD, the
proposed method has higher anomaly detection ability. Then,
relative to the direct output comparison point by point, statisti-
cal feature estimation can enhance the detection ability of the
anomalous states and the robustness. The use of a GA optimum
search algorithm not only can decrease the modeling time and the
calculation consumption, but also can obtain relatively accurate
extreme values. Finally, when the anomaly detection method is
used on a hardware circuit, the anomalous states caused by the
parameter degradation of the components and changing operat-
ing conditions can be effectively and accurately identified. The
simulation and hardware results demonstrate that the proposed
method can quickly and effectively detect online anomalies in
a dc/dc converter regardless of whether the circuit structure
is known. This novel method is appropriate for applications
that require fast online anomaly detection and has considerable
practical value. At present, the proposed method only can realize
the anomaly detection of dc/dc converter, and it cannot identify
the degradation parameters and determine the fault location.
These relative research works are the main work in the future.
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