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Abstract—Three-phase PWM inverter fed induction
motor drive system is widely applied in high power drive
applications. Sensor faults are very common in the drive
system which, once occur, might result in degraded
system performance or even system shutdown. In order to
rapidly and accurately diagnose the sensor faults, this
paper proposes an intelligent time-adaptive data-driven
method to identify the fault location and fault type of
sensors in drive system. An emerging machine learning
technology named extreme learning machine (ELM) is
applied to learn the sensor fault dataset, an ensemble ELM
classifier is then designed to improve diagnostic accuracy,
based on which a time-adaptive fault diagnosis process is
proposed to achieve a high and balanced diagnostic
accuracy and speed. As a data-driven method, the
proposed method only employs the phase current, DC-link
voltage, and speed signals as the inputs to the ensemble
ELM classifiers, and requires no additional sensors and
other hardware. Simulated and experimental tests show
that the proposed method can rapidly and accurately
detect the fault sensor location and identify offset fault,
stuck fault, and noise faults with an average diagnostic
accuracy of 98% and average decision time of 10ms after
the fault occurs. Moreover, such diagnosis method is
robust to the fluctuation of catenary voltage and DC-link
voltage, fault severity, and variation of model parameters,
speed, and load.

Index Terms—Fault diagnosis, Sensor fault, Three-phase
inverter, Data-driven method, Time-adaptive diagnosis
process.

|I. INTRODUCTION

HREE- phase PWM inverter fed induction motor drive
system has been widely used in various high-power
industrial systems. Generally, in these drives, closed-loop
controls are used to achieve high drive performances. In the
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Fig. 1. The structure of three-phase inverter fed induction motor drive
system.

integrated closed-loop, DC-link voltage, three-phase currents,
and rotor position signals are required to generate command
signals of the power converter, as shown in Fig. 1. However,
sensors in the drive systems are prone to faults due to device
aging, mechanical vibration, humidity environment, and
surrounding interference, etc. [1]. Once occurred, the erroneous
feedbacks due to sensor fault could result in degraded control
performance or even shutdown of the drive system.

The typical fault modes of the sensor can be broadly
classified as offset fault, stuck fault, and noise fault, according
to the measurement results [2]. To diagnose the sensor faults,
the methods can be categorized as model-based, signal-based,
and data-driven methods [3], which are reviewed as follows.

For model-based methods, the practical systems are modeled
by either physical principles or system identification methods.
These model-based methods aim to monitor and evaluate the
system residuals which are generated by comparing the
measured outputs of the practical systems and the model-
generated outputs. State observer-based approach is one of the
representative model-based diagnosis methods, including
Luenberger observer, adaptive observer, sliding mode observer,
extended Kalman filters (EKF), etc. In [4] and [5], a
Luenberger observer and sliding mode observer of catenary
current and DC-link voltage are designed to generate residuals
to detect sensor faults for a single-phase PWM rectifier in
high-speed railway electric traction system, respectively. In [6],
a full-order Luenberger observer with an adaptive threshold is
designed to detect the rotor-position-sensor fault of permanent
magnet synchronous motor (PMSM) drives in an electro-
mechanical brake. In [7], an EKF is designed to estimate the



rotor speed and phase currents of PMSM drive. The faulty
sensors are diagnosed by comparing the measured and EKF
outputs. Model reference adaptive system based method is also
effective for continuously estimating the rotor speed and phase
currents [8]. A flux-linkage observer is used to estimate the
current corresponding to the faulty phase in [9]. In [10], an
immune system inspired mechanism is introduced to diagnose
fixed value fault and gain factor fault of pitch position and
speed sensors in wind turbines.

For signal-based methods, the diagnosis process is based on
real-time evaluating the symptoms obtained by feature
extraction. For instance, an average normalized currents
method is proposed in [11] to detect the current sensor fault in
PMSG drives in wind energy conversion systems. This method
can only detect the faulty phase, but cannot identify the faulty
types of the sensor. In [12], axes transformation and model
reference adaptive system are integrated to detect the current
sensors and speed sensor fault in induction motor drives,
respectively. Gou et al. [13] developed a load currents analysis
based method to distinguish the current sensor faults in
three-phase voltage source inverters. It can also identify current
sensor faults within one fundamental period. But the
identification accuracy of fault types is sensitive to the load
variation. In [14], the asymmetry between phase currents is
used for detecting current sensor fault, and field and torque
components of stator currents are analyzed to detect speed
sensor fault in induction motor drives. This method is based on
the intrinsic characteristics of field-oriented control induction
motor drives. Its effectiveness is questionable when being
applied to other motor control scheme, such as direct torque
control and model predictive control.

Apart from the above two methodologies, based on the
advancement in artificial intelligence, the data-driven method
becomes a promising alternative for fault diagnosis. The
data-driven method is based on extracting the mapping
relationship knowledge from the fault database which can be
obtained from the historical data and online monitoring data. In
[15], a model-based method is extended to the data-driven
method. A least-square support vector machine (LS-SVM) is
used to generate system residuals, which are analyzed by
discrete wavelet transform to detect the sensor fault and plant
fault. The performance highly relies on the accuracy of the
predictor model. Based on the similar idea, reference [16]
designed a relevance vector machine predictor to evaluate the
system, and principal component analysis is used to detect
multifunctional self-validating sensor faults. In [2], a statistical
time-domain feature extraction method is used to extracting the
fault features and a support vector machine (SVM) is used for
classification of sensor faults.

In general, most of the sensor fault diagnosis methods are
model-based since it is fast, load independent and require no
additional sensors, but its performance highly depends on the
accuracy of the model and parameter estimation. However,
accurate models are usually unavailable and/or their parameters
are hard to estimate. The signal-based method is independent of
system parameters and model, but it usually suffers from slow
diagnosis speed and is highly sensitive to the system’s loading

condition. Compared with model- and signal-based methods,
data-driven method has higher generalization capability and
robustness for complex systems. But the drawbacks of the
data-driven method are unsatisfactory diagnosis speed and
accuracy, as well as heavy training and tuning burden. More-
over, most of sensor fault diagnosis methods did not consider
the sensor fault types. In the literature, very few methods could
simultaneously identify the fault location and fault type.

To overcome the inadequacies discussed above, this paper
develops an intelligent time-adaptive data-driven fault
diagnosis scheme for DC-link voltage sensor, phase current
sensors, and speed sensor in high power drive systems. The
fault types of sensors are considered as stuck, offset, and noise
fault. The inputs of the data-driven model are only the voltage,
current, and speed measurements, and outputs are fault location
and fault type. An emerging and promising learning technology
named extreme learning machine (ELM) is adopted as the
classifier due to its much faster learning speed, better
generalization capacity, and computationally efficient tuning
mechanism [17]. In order to identify potentially inaccurate fault
diagnosis results, an ensemble learning model based on a series
of ELM classifiers is proposed to improve the classification
accuracy and provide credibility of the outputs of classifiers.
Finally, this paper designs a time-adaptive diagnosis process
instead of using a fixed diagnosis cycle to balance the
diagnostic accuracy and speed. After evaluating the credibility
of the ensemble classifiers, the proposed diagnosis process can
deliver an accurate result as early as possible.

Compared with the existing data-driven based methods
which suffer from slow diagnostic speed and heavy
computational burden, the proposed intelligent time-adaptive
data-driven method can identify the fault location and fault type
of sensor faults at a much faster speed and a higher accuracy.

Il. SYSTEM DESCRIPTION AND FAULT LABELING

Fig. 1 shows a typical power drive system with a two-level
three-phase PWM inverter and an induction motor. Each phase
leg of the inverter consists of two power switches with
corresponding antiparallel connected diodes. DC-link voltage,
three-phase currents, and speed sensors are implemented to
accomplish the closed-loop control strategies of space vector
pulse width modulation and field-oriented control for converter
and induction motor, respectively.

A. Sensor Fault Definition

Fig. 1 shows a typical power drive system with a two-level
three-phase PWM inverter and an induction motor. Each phase
leg of the inverter consists of two power switches with
corresponding antiparallel connected diodes. DC-link voltage,
three-phase currents, and speed sensors are implemented to
accomplish the closed-loop control strategies of space vector
pulse width modulation and field-oriented control for converter
and induction motor, respectively.

In general, there are three common fault types in the current
sensor according to the measurement result: stuck, offset, and
noise fault, which are defined as Egs. (1) to (3), respectively.
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Fig. 2. The proposed fault diagnosis structure based on ensemble ELMs time-adaptive process.
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where y(t) is the output of the sensor, yn(t) is the normal state
output of the sensor, both C;(t) and Cy(t) are DC components,
Ag(t) is a zero-mean white noise Gaussian sequence, and to is
the fault moment of the sensor.

DC-link voltage sensor fault can reduce the speed regulation
ability of motor and cause a large pulsation of speed and torque.
A current sensor fault can result in imbalanced current flowing
into the motor which causes overheat and fluctuations of speed
and torque. Speed sensor fault repudiates the orthogonal
alignment of field and torque current components in
field-oriented 1M drives, thereby leading to fluctuating
harmonic components in speed and phase currents.

B. Labeling of Sensor Faults

Different sensor faults will result in different output signals
in currents, voltage, and speed. This paper labels different
faults as different numeric numbers as shown in Table I. Each
label represents a fault type of sensor, for instance, “2” re-
presents that stuck fault occurs in the current sensor of phase A.

According to Table I, there are a total 10 fault statuses of the
system, including normal situation, current sensor, voltage
sensor, and speed sensor faults. In order to diagnose these fault

TABLE |
LABELING OF SENSOR FAULTS

Fault Scenarios Label
No Fault

Current Sensor of Phase A Stuck Fault
Current Sensor of Phase A Offset Fault
Current Sensor of Phase A Noise Fault
DC-link Voltage Sensor Stuck Fault
DC-link Voltage Sensor Offset Fault
DC-link Voltage Sensor Noise Fault
Speed Sensor Stuck Fault

Speed Sensor Offset Fault

Speed Sensor Noise Fault
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types simultaneously, this paper develops a data-driven based
method to extract the mapping relationship knowledge between
the inputs and outputs, where the inputs are integrated data of
current, DC-link voltage, and speed signal, and output is a fault
label that denotes the fault location and fault type.

lll. PROPOSED METHODOLOGY

In this paper, a randomized learning technology named ELM
is applied as a basic tool for extracting the mapping knowledge.
Benefited from ELM’s extraordinary fast learning speed and
less computational burden, an ensemble-based scheme is then
proposed for high diagnostic speed and accuracy. Based on the
ensemble model, a time-adaptive diagnosis process is designed
at last to balance the diagnostic accuracy and speed.

A. Fault Diagnosis Framework Design

The proposed fault diagnosis framework is illustrated in Fig.
2. The aim of the fault diagnosis process is to rapidly and
accurately determine the output as long as the input is fed. It is
worth mentioning that some research works in the literature



also apply the feature extraction and selection methods to
compose or select the inputs [18]. But these data process will
cost a certain time. So, this paper directly uses the system
measurements as the inputs.

As shown in Fig. 2, the proposed fault diagnosis method
composes of offline training and online diagnosis. Data from
sensors under various fault statuses and operation conditions of
drive system are collected to constitute a dataset. ELM is
trained as a basic classifier to extract the mapping relationship
between the trajectories and the fault statuses of system. By
combining a set of individual basic ELM classifiers, an
ensemble model is designed to improve the accuracy and
evaluate the credibility. After that, a time-adaptive decision-
making process is proposed to achieve a high and balanced
diagnostic accuracy and speed.

It is important to indicate that most of the existing diagnosis
methods use a fixed diagnosis time and a stationary decision
process, which means the diagnosis result is either fault or
normal after the diagnostic cycle. Clearly, this will not be fast
enough or accurate enough since different fault with different
severity may have different signatures and therefore requires
different time. In this paper, a time-adaptive diagnosis process
is designed to identify the sensor fault as early as possible while
maintaining a high accuracy. In this process, “credibility” is
introduced to evaluate the diagnostic decision result. If the
result at first time-window is evaluated credible, the diagnosis
process will stop and deliver the diagnostic result at this time-
window; otherwise, the process will continue at next time-
window. Owe to this time-adaptive process, the faults with
distinct features can be identified earlier. While the other faults
without obvious features are moved to the next time-window to
utilize more information for an accurate diagnosis. As shown
later in this paper, this process can improve the diagnostic
accuracy without increasing much diagnostic time.

B. Extreme Learning Machine Algorithm

As a randomized learning technology, ELM was originally
proposed for single hidden-layer feedforward neural networks
(SLFN) and was then extended to the generalized SLFNs where
the hidden layer need not be neuron alike [19]. The key is to
randomly select the input weights and analytically determine
the output weights. Thus, ELM has much better computational
scalability, especially for huge datasets. Once proposed, ELM
has received extensive interests from academic and industry.

ELM consists of three layers: input, hidden, and output layer.
Given a training set Rn={(x;, tj)|xjeR", t;eR™}}.,, where x; is the
n x1 input vector and t; is an m <1 target vector, the output fun-
ction of ELM for generalized SLFNs with N hidden nodes is

N
i=1

where @ is the activation function, w; is the weight vector
connecting the ith hidden node and the input nodes, f; is weight
vector connecting the ith hidden node and the output nodes, and
bi is the bias of the ith hidden node, w;- x; denotes the inner
product of w; and x;. According to ELM theory [17], (4) can be
rewritten into a compact format as

Hp=T ©®)
where H is the hidden layer output matrix of the network. Thus,
the ELM learning process can be summarized as three steps:

Step 1: Randomly assign input weight and bias;
Step 2: Calculate the hidden layer output matrix H;

Step 3: Calculate the output weight matrix S=HT;

where HT is the Moore—Penrose generalized inverse of matrix
H, and can be calculated by singular value decomposition
(SVD) for better generalization performance.

ELM is widely applied in categorical classification and
numeric prediction fields in recent years [20] [21]. Since the
weights are randomly assigned, ELM learning process has no
time-consuming adjustment of network parameters. Compared
with traditional learning algorithms, its learning speed can be
thousands of times faster and requires much less computation
memory, which provides a way to overcome the drawbacks of
the traditional data-driven based diagnosis methods [22].

Conventional ELM is used for binary classification. But for
our problem, in order to identify various sensor faults
simultaneously, the ELM multiclass classification is applied.

C. Extreme Learning Machine for Multiclass
Classification

According to [22], (4) can also be rewritten as
N
fe (=2 Ah(x)=h(x)p (6)
i=1

where h(x)=[h, (x),....ng (X)] is the output vector of the hidden
layer with respect to the input X, S=[4,..., By 1" is the vector

of the output weights between the hidden layer of N nodes.
h(x) actually maps the data from the d-dimensional input space
to the d-dimensional hidden-layer feature space H, and thus,
h(x) is indeed a feature mapping. For the binary classification
applications, the decision function of ELM is

fg (%) =sign(h(x)3) . )
As long as the dimensionality of the feature mapping

(number of hidden nodes N ina classifier) is large enough, the
output of the classifier h(x)g can be as close to the class labels
in the corresponding regions as possible.

For the binary classification case, ELM only uses a single
output node, and the class label closer to the output value of
ELM is chosen as the predicted class label of the input data. For
the multiclass classification case, such as the fault diagnosis of
sensors in this paper, there are two candidate methods:

1) Multiclass Classifier with Single Output: ELM only uses a
single-output node, and among multiclass labels, the class label
closer to the output value of ELM is chosen as the predicted
class label of the input data. In this case, the ELM solution to
the binary classification case becomes a specific case of multi-
class solution. The decision function of ELM classifier is [22]

F(x) = sign(h(x)(é+ HHT)HTT). ®)

where C is a user-specified parameter and provides a tradeoff
between the distance of the separating margin and the training



error.
2) Multiclass Classifier with Multi-outputs: ELM uses
multi-output nodes, and the index of the output node with the
highest output value is chosen as the predicted class label of the
input data. For instance, given a training sample x, the output
node of ELM can be computed by f(x) = [fi(X), ..., fn(X)], where
m is the number of output nodes. Then the universal decision

function of ELM classifier with multi-outputs is
label(x) = arg max f;(x), i € [1, ..., m]. 9)

I

D. Credibility-oriented Ensemble Classifier

ELM has much faster-learning speed than conventional
technique such as ANN, SVM, and LS-SVM [22], especially
suitable for the large sized data processing since it adopts
random input weights for learning. However, this randomness
could make single ELM unstable and diverse in outputs. But on
the other hand, the randomness also gives a chance to achieve
ensemble learning to increase learning accuracy by combining
a set of individual learners to make a plurality decision [20].

1) Learning process

In this paper, a set of ELM classifiers are assembled. Each
ELM classifier randomly chooses the input weight and hidden
nodes. Besides the sake of diversity, the single ELM classifier
can compensate for each other, and the whole can reduce
aggregated variance and tend to increase accuracy over the
individuals [23][24].

The proposed ELM-based ensemble learning process can be
described as follows:

ELM Ensemble Learning Rule

Given E single ELMs and a database of F x D size (where F
and D are the total number of features and instances,
respectively),

fori=1to E:

Randomly sample d instances out of the database,
1<d<D.

Randomly assign the i-th ELM h hidden nodes and an
activation function, h is within the optimal range [hmin, hmax],
which is subject to a pre-tuning procedure).

Train this ELM and return.

End

2) Classification rule

According to the statistical classification rule of equation (9),
the output is always prone to errors, which can lead to
misclassification. For instance, the value of output node of
ELM, fi(x), ..., fu(X) could be closed to each other, when the
features of two different samples are similar. This paper
designs an ensemble model to simultaneously evaluate the
credibility of the classification result. Firstly, the sum of the
output nodes of the single classifiers is the output of the
ensemble classifier. Then, the largest output node of the
ensemble classifier is compared with the mean value of the
individual output nodes. The classification result is evaluated as
credible when the error of the largest value and mean value of
the ensemble output nodes is beyond a threshold. Given all the

single classification results, the ensemble classification eval-
uates the credibility of the classification result, described as:

ELM Ensemble Classification Rule

Given E single ELM and a database of F x D size (where F
and D are the total number of features and instances,
respectively),

E E
if max(ka (x) - mean(ka () =Ty

k1 k=
label(x) = arg max f, (x), (credible sub-output)
[

else label(x) = 0 (incredible sub-output)

end

Where fi(X) = [fia(®), ..., fm®], i=1, 2, ..., m; k is the k-th ELM
classifier, (1<k<E); Tq is a threshold to evaluate the
credibility of the classification result.

With compensation of the single ELM classifier, the
accuracy of the ensemble classifier could be improved. Besides,
with the ensemble decision-making rule, the classifier is able to
identify the incredible classification results that should not be
adopted. Thus, the risk of misclassification can be effectively
reduced.

E. Time-adaptive Fault Diagnosis Process

The model-based method has the advantage of fast
diagnostic speed since the diagnosis process is essentially an
adaptive procedure. Based on evaluating the system residuals
online, faults with evident signatures can be detected earlier,
while faults with minor signatures need more time and
information to be accurately diagnosed. Traditionally, for the
signal-based method and data-driven method, the diagnostic
decision time is generally one fundamental period. After the
decision time, there must be a diagnosis result, no matter
accurate or not. This diagnosis process is less efficient when
dealing with various fault types of power drive system.

Inspired by the diagnosis process of model-based method,
this paper designs a time-adaptive diagnosis process to balance
between diagnostic accuracy and speed, illustrated as Fig. 2.

As shown in the online diagnosis process part of Fig. 2, at
each time-window, the integrated current, voltage, and speed
trajectories are fed to the ensemble ELM classifier. If the
classification result by ensemble ELM classifier is evaluated as
“credible” using the method proposed in Section III-D, the
diagnosis process will stop and deliver the diagnostic result at
the current sampling time-window; otherwise, the classification
will continue to the next time-window, and the newly received
measurement data will be integrated into the inputs for
classification again. With more system dynamic trajectories,
the accumulated classification accuracy tends to be higher. This
time-adaptive procedure will continue until a credible
classification output is obtained or the maximum allowable
decision window is reached. Evidently, based on such a
time-adaptive process, an accurate diagnostic result can be
obtained as early as possible.

IV. SIMULATION AND EXPERIMENTAL VALIDATIONS
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The proposed intelligent time-adaptive data-driven fault
diagnosis method is verified on the AC-DC-AC electrical
railway traction test system. As shown in Fig. 3, the test system
consists of catenary, transformer, single phase PWM rectifier,
three-phase PWM inverter, and induction motor.

A. Data Acquisition

According to Table I, there are a total of 10 fault statuses. It
is impractical to acquire a large volume of data with
experimental measurement under all these fault statuses and
load conditions. Thus, the data is collected by combining the
experimental and simulation tool in this paper. In practice, the
historical fault recording data can also be combined together in
the training dataset.

The simulation model of the drive system is performed by
using MATLAB/Simulink software. The experimental
platform comprises a controller to generate command signals of
IGBTs, a dSPACE MicroLabBox, and a computer as a
real-time control interface, as shown in Fig. 4. The hardware
circuits of the traction drive system (as shown in Fig. 3) and
sensors are simulated in the dSPACE simulator. The sensor
faults are simulated according to Egs. (1) to (3). Both
simulation and experimental parameters given in Table Il and
Table 111 are the same and comply with the high-speed train

TABLE Il
PARAMETERS OF CONVERTER

Parameter Symbol Value
RMS grid voltage Un 1550V
Traction winding leakage inductor Ln 2.3mH
Traction winding resistor Rn 0.068Q
DC-link voltage Uge 2700V-3600V
DC-link capacitor Cq 3mF
Series resonant circuit inductor L, 0.603mH
Series resonant circuit capacitor C, 4.56mF
Rectifier switching frequency fr 350Hz
Highest inverter switching frequency fi 500Hz
TABLE Il

PARAMETERS OF INDUCTION MOTOR
Parameter Symbol Value
Stator resistance Rs 0.1065Q2
Stator leakage inductance Lis 1.31mH
Rotor resistance Rr 0.0663Q2
Rotor leakage inductance Ly 1.93mH
Mutual inductance Lm 53.6mH
Rated voltage Urate 2700kV
Rated speed Nrate 4100(r/min)
Rated frequency fsrate 138Hz
Rated output power Prate 562kW
Rated slip frequency Srate 0.04
Number of the pole pairs np 2
Moment of inertia J 100 kg-m2

named CRH3 (China Railway High-speed). The load torque is
determined by the speed of the train since air resistance is the
most important factor of the load for a high-speed train and
speed dependent. The air resistance, wo (N), is described as,

W, =0.2859+0.00321v +0.000125v? (10)

where v is the speed of the train, km/h.

In order to ensure a unity power factor operation and DC-link
voltage regulation, a proportional integrator (PI) controller in
the external control loop and a proportional-resonant (PR)
controller in the inner loop control are adopted in the rectifier-
side control. Space vector pulse width modulation and indirect
field-oriented control are applied in the inverter-side control.

To examine the reliability of the proposed diagnosis method
under various operation conditions, catenary voltage, DC-link
voltage ripple and harmonics, speed and load variation are all
considered. Thus, the phase currents, DC voltage, and speed
sensor signals of the 10 fault statuses are collected, where the
amplitude of the third order harmonic in catenary voltage varies
from 100V to 5 kV with the interval of 100V, the reference
voltage of DC-link varies from 2.9 to 3.1 kV with the interval of
4V, the reference speed varies from 2 to 100 rad/s with the
interval of 2 rad/s. Besides, the catenary voltage sampled from
the actual high-speed train is applied to the drive system to
collect more practical operational data, as shown in Fig. 5.

Meanwhile, the experimental data are collected under the
same operation conditions, but the interval is 10 times larger
than simulation data to save the experimental data acquisition
time. Moreover, data from the regenerative braking mode of the
drive system are also collected to verify the effectiveness of the
proposed diagnosis method. The control and signal sampling
frequency for both experiment and simulation are 25 kHz and 5
kHz, respectively. Thus, the database of the total 10 fault
statuses can be summarized in Table V.



TABLE IV
DATA ACQUISITION UNDER DIFFERENT FAULT STATUSES AND OPERATION CONDITIONS

Catenary Reference Reference speed Traction mode Regenerative
harmonic voltage voltage of DC-link P braking mode
Simulation data 50 (100 V:5kV/100V)  50(2.9:3.1kV/4 V) 50 (2 : 100/2 rad/s) 1500 sets 1500 sets
Experimental data 5 (1 kV :5kV/1000 V) 5(2.9:3.1kVv/40V)  5(20:100/20 rad/s) 150 sets 150 sets
100 o _%63%_ ] TABLE V
//:‘ r TEST RESULTS OF THE PROPOSED METHOD
SRS Wi UW) CW) CW) MW) MW) AW) AW)
Sl l/ LA I IS S 0 660 - - - - - -
380 0N i ~ =N e B
£ A : N 1 60 600 600 6 6 99.0%  99.0%
§ ol T ; '\,7 2 38 22 622 1 7 955%  98.9%
= o ! — sigmoidal 3 26 12 634 0 7 100%  98.9%
Soll | i —~ sine 4 21 5 639 0 7 100%  98.9%
> ; ; pard-timit 5 1 20 659 6 13 70.0% 98.0%
1 i ---= triangular basis
sor | : raial bacis TABLE VI
:hmm hmax: TEST RESULTS OF SPEED VARIATION TRANSIENT
409 200 400 600 800 1000 1200 1400 1600 1800 2000 Wi UWw) CWy) CW) MW) MW) AW) AW)
Hidden nodes number of a single ELM 0 760 - - - - - -
Fig. 6. Single ELM hidden nodes versus validation accuracy (%). 1 60 700 700 7 7 99.0%  99.0%
. . . . . 2 8 52 752 7 14 865% 98.1%
The database is acquired by integrating the experimental data 3 7 1 753 0 7 100%  98.2%
and simulated data. A total of 3300 data samples for ELM are 4 5 2 755 0 7 100%  98.2%
. - 0, 0,
obtained. In the test, 20% of the dataset is randomly selected as 5 0 5 7$iBLE Vlll 13 800% 980%
testing data and .the remaining serves as training data. Thus, TEST RESULTS OF DIFFERENT FAULT SEVERITY
there are 660 testing and 2,640 training instances for each ELM W,  UW) CW) CW) MW) MW) AW) AW)
to identify the sensor faults. 0 800 - - - - - -
. 1 70 730 730 3 3 99.6%  99.6%
B. Parameters Tuning 2 41 29 759 2 5 93.1% 99.3%
: 3 25 16 775 1 6 93.8%  99.2%
It should be noted that_ thej ELM ha_ls very few u_ser-deflned 4 8 17 792 1 7 941%  99.1%
parameters. Only the activation function and the hidden node 5 1 7 799 3 10 57.1%  98.7%

number should be well-tuned. In this paper, [Nmin, hmax] is the
optimal hidden nodes range for single ELMs which is selected
at the highest validation accuracy range. For activation function,
five initial activation functions are considered, namely, ‘sine’,
‘sigmoidal’, ‘hard-limit’, ‘triangular basis’ and ‘radial basis’,
where the highest accuracy by the activation function is
selected. The validation result is illustrated in Fig. 6, where
testing data is randomly selected from the 20% of the dataset
and training data is the remaining instances of the dataset. It is
clear that the validation accuracy is the highest when activation
function is set as ‘sigmoidal’. [hmin, hmax] can accordingly be set
as [200, 600], where the single ELM achieves the highest
accuracy of 96.3 %. It is worth mentioning that the more hidden
nodes, the more training time is needed.

Then, the ensemble ELM classification model is composed.
The threshold Ty is a tradeoff between the diagnostic accuracy
and time. The bigger Tq may lead to higher credibility and
higher diagnostic accuracy, but longer diagnostic time since
more incredible sub-outputs are moved to the next time-
window to utilize more information to get a higher credibility
and avoid false diagnosis. In the test, the sample data of each
time-window, the number of ensemble classifier, E, and classi-
fication threshold, Tq, are set as 40, 200 and 280, respectively,
according to a tradeoff between the classification efficiency
against the misclassified rate. Since the sampling frequency is 5
kHz, the duration time for each time-window is 8ms.

C. Diagnosis Results Analysis

The diagnosis results are summarized as Table V, where Wi;
is the ith time-window, U(W;) and C(W;) are the number of

unclassified and classified instances during the current time-
window, respectively; C(W) is the total number of
accumulative classified instances; M(W;) and M(W) are the
current and accumulative number of misclassified instances
during the time-window; A(W;) and A(W) are the current and
accumulative accuracy of the time-window, respectively,
calculated as
AW) =[C(W,) -M(W))]/ C(W,) (11)
AW) =[C(W)-M(W)]/ C(W) (12)

According to Table V, 600 out of 660 instances are
“credibly” classified at the first time-window, where only 6
instances are misclassified. The accuracy is as high as 99.0%.
The remaining 60 unclassified instances, i.e., evaluated as
“incredible” outputs, move to the second time-window, where
22 of them are classified with only 1 instance being
misclassified. The accuracy of the second time-window is as
high as 95.5%. The remaining 38 unclassified instances move
to the third time-window, where 12 of them got classified with
the accuracy of 100%. This proceeds until the maximum
allowable response window (5 time-windows). After the fifth
time- window, there is still 1 instance unclassified. The highest
possible classification results will be exported for the
unclassified instances with the index of the maximum of the
output node, to provide reasonable maintenance suggestions.

For a general estimation of the response speed and accuracy
of the proposed method, the average response time (ART) and
average diagnostic accuracy (ADA) can be calculated as,



ART = 3 [T, xC(W,)]/ 3 C(W,) (13)
ADA = [CW)x AW/ Y COW)  (14)
i=1 i=1

where n is the total number of the maximum allowable
time-window, which is 5 in this test.

According to equation (13) and (14), the proposed time-
adaptive data-driven diagnosis method can identify the stuck
fault, offset fault, and noise fault for phase current sensor, DC-
link voltage sensor, and speed sensor, with the average
accuracy of 98.0% and average response time of 9.71ms.

D. Speed Variation Transient and Fault Severity Test

In order to further verify the proposed diagnosis method in
the situations of speed variation transient and different fault
severity degrees, more tests are completed. Data from constant
speed variated to different speed transient level and different
fault severity of all fault types are collected. The test results are
summarized in Table VI and Table VII. The average diagnosis
accuracies are 98.0% (8.84ms) and 98.75% (9.40ms) in the
speed variation transient test and fault severity test. It can be
seen that the proposed data-driven diagnosis method can
accurately identify the sensor faults, even under the conditions
of speed variation transient and different fault severity.

E. Real-time Hardware-in-loop Verification

To verify the online applicability of the proposed method,
the real-time hardware-in-loop experimental test is also
performed. Fig. 7 shows the experimental measurements in
normal condition, where Ch1 trace is the stator current of phase
A; Ch2 trace is the DC-link voltage signal; Ch3 trace is the
speed signal of induction motor; and Ch4 trace is the fault
diagnosis flag. As shown in Fig. 7, the induction motor started
at the moment of to, begins to brake at t;, and works as
regenerative braking mode after t,. It is clear that there is no
misdiagnosis, regardless of the operation mode of the induction
motor and the fluctuation of the DC-link voltage.

The experimentally measured results when the current sensor
of phase A is in the offset fault are shown in Fig. 8. The offset
fault is introduced at ts, leading to a DC offset component in the
current of phase A and a fluctuation in DC-link voltage signal.
The fault diagnosis flag (Ch4) is changed to 3 from 1 at tp,
which indicates offset fault occurs in the current sensor of
phase A according to Table I. Fig. 9 illustrates the measurement
results when a stuck fault occurs in DC-link voltage sensor. The

output of the sensor is kept at the reference voltage, i.e., 3000 V.

Thus, there are no distinct effects on the current and speed of
induction motor, but the system loses the ability of DC-link
voltage control. Note that the sensor faults can be identified
within 10ms. Except for the 8ms sampling-window time, the
online computation time is around 2ms.

In order to verify the transient performance of the proposed
data-driven method, the test of traction torque variation
transient is demonstrated in Fig. 10. The reference traction
torque is changed from 3000N-m to 2000N-m at the moment of
to. The stuck fault is introduced to the current sensor at the
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Fig. 7. Experimentally measured results in the normal condition (ia/A,
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Fig. 12 Experimentally measured results when DC-link voltage sensor
is with a noise fault with different severity: the noise power A@,(t) in (a)
is four times bigger than A@y(t) in (b).

moment of t;, and the diagnosis result is accurately carried out
at the moment of t, before the big fluctuation of DC-link
voltage. During the process of the action torque variation
transient, there is no misdiagnosis. Fig. 8 and Fig. 10 show that
the offset fault and stuck fault of the sensor have a relatively
larger impact on the drive system. Both of them can result in

large fluctuation of the DC-link voltage as the fault propagation.

But the proposed data-driven method can timely distinguish the
fault types before the fluctuation of the DC-link voltage, which
provides enough time to isolate the fault and protect the drive
system. Moreover, the regenerative braking mode is also a load
condition of the traction drive system. The regenerative braking
experimental test result illustrated in Fig. 11, shows that the
proposed diagnosis method can also accurately identify the

fault type even under regenerative braking mode.

The designed intelligent time-adaptive process can balance
the tradeoff between the diagnostic accuracy and time, which is
demonstrated by the fault severity test, presented in Fig. 12. In
Fig. 12, the amplitude of noise power in the DC-link voltage
signal in Fig. 12(a) is set as four times bigger than that of Fig.
12(b). Thus, the fault severity of Fig. 12 (a) is larger than that of
Fig. 12 (b), which can be shown in the DC-link voltage signal,
Uge. In Fig. 12 (), the classification result by ensemble ELM
classifier is evaluated as “credible” using the method proposed
in Section 111-D, the diagnosis process will stop and deliver the
diagnosis result after the current sampling time-window, at the
moment of t,. In Fig. 12 (b), the classification result is
evaluated as “incredible” at the moment of t,. And the
diagnosis process continues to the next time-window to gather
more measurement data. After the second time-window, the
DC-link voltage sensor fault is accurately identified at the
moment of t;. Owe to this time-adaptive process, the faults with
distinct features can be identified earlier. While the other faults
without obvious features are moved to the next time-window to
utilize more information to avoid false diagnosis.

V. CONCLUSION

An intelligent time-adaptive ensemble ELM based
data-driven fault diagnosis method for sensors in power drive
systems is proposed in this paper. The ELM algorithm is used
to train and learn the faulty dataset, the ensemble ELM
classifiers are proposed to increase diagnostic accuracy, and a
time-adaptive fault diagnosis process is designed to better
balance the tradeoff between diagnostic accuracy and speed.
Phase current, DC-link voltage, and speed signals are directly
used as inputs for the ELM classifier to save the time of feature
extraction and selection. The proposed method can identify the
stuck fault, offset fault, and noise fault of phase current,
DC-link voltage, and speed sensor with a high average
diagnostic accuracy in the average time of 9.71ms. Real-time
hardware-in-loop test results also indicate that the proposed
method can diagnose sensor faults accurately within 10ms.
Moreover, the proposed data-driven diagnosis method benefits
from the high expandability of other faults in the system, as
long as the fault data is collected which is advantageous than
model-based and signal-based method.
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