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1. Introduction

The idea of preparing this special issue aims at solving emerg-
ing problems when condition monitoring is applied to more
andmoremachines running in practical harsh environments.
Such machines, including wind turbines, mining and civil
engineering machinery, are not easy to be frequently checked
and maintained by man power. Most established machine
condition monitoring are developed in ideal lab-setting con-
ditions. Considering the real-world highly dynamical load
andharshworking conditions, there is a need to develop prac-
tical ways to handle various situations and rapidly response
to the faults and significant degradation process. Thus, the
authors of this special issue were asked to prepare papers on
the following topics:

(i) diagnosis andmaintenance of engineering equipment
within extreme environment,

(ii) mechanical structure analysis under extreme envi-
ronment,

(iii) decision-making strategies for reliable operations of
mechanical systems,

(iv) information/data mining on mechanical system
maintenance,

(v) robust, self-sustainable remote sensing, and monitor-
ing systems.

2. Prognostics and Maintenance for
Mechanical Systems in Harsh Environment:
Past, Present, and Future

The safety, reliability, and maintainability of mechanical
equipment during their service life are issues of critical
importance to be solved by either themanufacturing industry
or the service suppliers. In the past, for the machines operat-
ing in harsh environment, the reliable and robust design was
the only aspect that people could do their best to keep
them in the reliable service time as long as possible. The
traditional “fail and fix (FAF)” practice was adopted at that
time. However, unexpected downtime often may cause great
loss because the maintenance could take so much time to
repair, or even the replacement of the faulty machine with a
new one becomes a must-do due to severe chain damages.
Therefore, firstly, people began to assume some certain level
of performance degradation for themachinery, without input
from the working load or any sensors with itself, and serviced
equipment on a routine schedule, whether the service is
actually needed or not, whichmay be called blindly proactive
maintenance. With fast development of sensor and tether-
free communication technologies, condition-based mainte-
nance (CBM) is found to be more effective approaches in
achieving the goals of reliability and maintainability for this
mechanical system running in harsh environment, which
has become a value-added service, apart from the quality
of products in design and manufacturing. The CBM also
makes it possible to measure the faults more precisely and
based on the evidence on data from running machine, severe
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unexpected faults can be avoided by scheduling the pre-
cautious maintenance before they actually occur. Thus, the
prognostics shifts the maintenance into the “predict and
prevent (PAP)” paradigm. From then on, more and more
challenges emerge with wider andwider applications of prog-
nostics, for example, the disturbances in the monitored sig-
nals under working process, the problemof feature extraction
from long sampling signals, and some inherent disadvantages
in the feature-based machine condition recognition. In order
to effectively extract the information carried by the monitor-
ing data, redundancy reduction techniquesmay be taken.The
feature-based machine condition recognition also has some
inherent disadvantages, such as the “inevitable misdiagnosis”
problem and “lacking of historical monitoring data”. For the
problem of how to overcome the disturbances under the
working process, the blind separation technique based on
sparse component analysis could be applied. Other new
trends for better applying prognostics may include the meth-
ods related to IoT (Internet of Things), cloud computing, big
data, and the refactoring database methodology. With data
mining technology, the intelligencemodels should be formed
as generative models that can self-detect and self-heal the
mechanical systems.

3. Special Issue Overview

In this special issue, the above-mentioned trends are embod-
ied by pioneer research. Classical digital signal processing
methodologies, such as Wavelet and EMD, with improved
performance and targeted application by W. Du et al. in
“Wavelet leaders based vibration signals multifractal features
of plunger pump in truck crane” and Q. Yang et al. in “EMD
and Wavelet transform based fault diagnosis for wind turbine
gear box” are presented to rapidly and precisely mine the
fault data. One of the most challenging issues in prognostics
and maintenance fields is to manipulate the incomplete data
for evaluating the mechanical systems’ performance. In the
paper titled “Study on immune relevant vector machine based
intelligent fault detection and diagnosis algorithm,” Z. Miao
et al. proposes a “self/nonself ” identification principle to
effectively tackle this problemwith the inspiration of artificial
immune system. To efficiently extract features from big data
and conduct the dimension-reduction processing, a con-
dition-based monitoring system that is tailored to the
embedded deployment is demonstrated in “A computation-
ally efficient and adaptive approach for online embedded
machinery diagnosis in harsh environments” by C. Jiang
and S. H. Huang Boosted by the viewpoint of the whole
system performance assurance, in “Performance assessment
for a fleet of machines using a combined method of ant-
based clustering and cmac,” L. Zhang et al. advocate this
concept and the relevant analyzing techniques. As spin-
off hot topics, some cross-discipline analysis for electri-
cal mechanical system performance is also embraced in
this issue, such as “Condition evaluation of large generator
stator insulation based on partial discharge measurement,”

which highlights the fault detection and quantitative assess-
ment procedures in harsh environment.

Cheng-liang Liu
Jay Lee

Liang Gong
Yixiang Huang
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An immune relevant vector machine (IRVM) based intelligent classification method is proposed by combining the random real-
valued negative selection (RRNS) algorithm and the relevant vector machine (RVM) algorithm.The method proposed is aimed to
handle the training problem of missing or incomplete fault sampling data and is inspired by the “self/nonself ” recognition principle
in the artificial immune systems. The detectors, generated by the RRNS, are treated as the “nonself ” training samples and used to
train the RVMmodel together with the “self ” training samples. After the training succeeds, the “nonself ” detection model, which
requires only the “self ” training samples, is obtained for the fault detection and diagnosis. It provides a general way solving the
problems of this type and can be applied for both fault detection and fault diagnosis.The standard Fisher’s Iris flower dataset is used
to experimentally testify the proposed method, and the results are compared with those from the support vector data description
(SVDD) method. Experimental results have shown the validity and practicability of the proposed method.

1. Introduction

The system failure of a complex mechatronic machine is usu-
ally caused by the failure of its critical components.Thenature
of the fault diagnosis is to gain the correct feature parameters
of the critical parts by monitoring the relevant internal and
external signals. Therefore, intelligent fault detection and
diagnosis are widely treated as a pattern recognition prob-
lems. In the problem, the normal state and the fault state are
categorized as different kinds of patterns. A rational model
is set up between the state features and different patterns,
which is also addressed as the fault detection model and can
intelligently recognize the working status of the devices.

The literature on the fault detection methods is very rich.
Most of its parts are on the supervized learningmethods, such
as neural networks [1], support vector machines [2–4], rele-
vance vector machine [5–8], naive Bayes [9–11], and decision
tree [12]. Supervized learning methods require a sufficient
number of fault data for training; however, fault data are
usually insufficient in practice, particularly at the early stages
of operation, where probably only normal data samples are

available. Under this circumstance, the traditional intelligent
diagnosis methods have their deficiencies: the fault diagnosis
model can hardly be trained with only normal samples;
moreover, the fault detectionmodel trained with normal data
together with only part of the failure data cannot identify
unknown faults and always assigns them wrongly to some
known categories.

Inspired by the “self/nonself ” recognition principle in
artificial immune systems, an immune relevant vector
machine algorithm is proposed to solve the problems with
traditionalmethods.Thismethod combines the random real-
valued negative selection (RRNS) algorithm and the relevant
vector machine (RVM) algorithm, detecting the “nonself ”
mode with only “self ” training samples. Based on the pro-
posed algorithm and its utilization with other methods,
accurate fault detection andunknown failure detection can be
performed with only normal samples or incomplete training
samples.

The remainder of this paper is organized as follows. The
first section introduces the immune relevant nonself vector
machine detection algorithm. The second section describes
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the fault detection model based on the immune relevant
vector machine. In the third section, standard Fisher’s Iris
flower data are applied to experimentally verify the proposed
algorithmand themodel.The results are comparedwith other
anomaly detection algorithms. The fourth section gives the
conclusions.

2. Immune Relevant Vector Machine
‘‘Nonself’’ Fault Detection Algorithm

2.1. Definitions

Definition 1 (system state space). System state can be denoted
by a feature vector x, which is normalized and expressed as
follows:

x = (𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
) ∈ [0, 1]

𝑛
. (1)

System state space is denoted as G ⊆ [0, 1]𝑛, including all the
possible system states.

Definition 2 (self space). The self space is a space of feature
vectors with known target status, denoted as S, where S ⊂ G.

Definition 3 (nonself space). The nonself space is the com-
plement of the self space in the system state space, denoted
by NS, where S + NS = G.

Definition 4 (nonself detection). The nonself detection here
includes both the anomaly detection and the multiclass fault
diagnosis in the sense of the traditional negative selection
algorithm. For the nonself detection problem, a state recogni-
tion function is estimated given a self sample set S ⊆ S, and
then the function is applied to identify whether an observed
system state belongs to a self space or a nonself space.

Note that, for brevity, self data/samples denote data/sam-
ples in the self space, which refer to normal data or data of
a known class, and nonself data/sample denote data/sample
in the nonself space, which are abnormal data or data that do
not belong to a given class.

2.2. Improved Normalization Method. Each dimension of the
feature vector xmust be normalizedwithin the range of [0, 1].
When part of the self space is known and the whole system
state space is unknown, the literature on how to properly
normalize the feature vector is relatively rare. References
[13, 14] have proposed a normalizationmethod, where the self
sample is normalized into the space [0, 1]𝑛 using the following
equation (2):

𝑠 (𝑖) =

S (𝑖) − B ⋅min [S (𝑖)]
max [S (𝑖)] −min [S (𝑖)]

, 𝑖 = 1, 2, . . . , 𝑛, (2)

where S(𝑖) is the 𝑖th column of the original self sample
matrix S, 𝑠(𝑖) is the 𝑖th column of the normalized self sample
matrix, and max[S(𝑖)] and min[S(𝑖)] are the maximum and
theminimumvalues of S(𝑖), respectively.B = [1, 1, . . . , 1]

1×𝑛
.

𝑛 is the dimension of the feature vector space.
The disadvantage of the previous method is as follows.
(1) Space [0, 1]𝑛 is actually a self space after normaliza-

tion using (2). Its boundary is either the maximum or

the minimum value of the self samples, which can-
not represent the whole system space. Therefore,
the detectors generated in this [0, 1]𝑛 space cannot
represent the nonself space.

(2) The original samples must be normalized following
the same procedure to guarantee their comparability,
so as the unknown samples. However, the dimension
of some feature vector of the unknown sample may
exceed that of max[S(𝑖)] or min[S(𝑖)]. If all samples
are normalized in the same way, the dimension will
overflow and the detection will not succeed.

For real-world applications, the range of the feature vector
in the nonself space is unknown, and only part of the self
space samples can be used to estimate the self space. It is very
important to normalize the whole system state space
before any other manipulations. An improved normalization
method is proposed based on the RRNS and the RVMmeth-
ods.

Let max[G(𝑖)] and min[G(𝑖)] be the maximum and the
minimum values of the 𝑖th feature vector of the system state
space G, respectively, where 𝑖 = 1, 2, . . . , 𝑛.

Assumption 5. Assume that the self space is in the middle of
the whole system state space. Range of feature vectors in the
self space is 1/3 of the whole space.The nonself space occupies
the rest larger 1/3 and the smaller 1/3 of the range [0, 1]. The
following equations exist accordingly:

min [G (𝑖)] = min [S (𝑖)] − (max [S (𝑖)] −min [S (𝑖)])

max [G (𝑖)] = max [S (𝑖)] + (max [S (𝑖)] −min [S (𝑖)])
(3)

max [S (𝑖)] −min [S (𝑖)] = 1
3

(max [G (𝑖)] −min [G (𝑖)]) .
(4)

Assumption 6. Assume that X = (𝑋
1
, 𝑋
2
, . . . , 𝑋

𝑛
) is one

original sample with the 𝑖th feature vector as 𝑋
𝑖
, where 𝑖 =

1, 2, . . . , 𝑛. If 𝑋
𝑖
lies out of the range of G(𝑖), then its value is

truncated as follows:

if 𝑋
𝑖
> max [G (𝑖)] then 𝑋

𝑖
= max [G (𝑖)]

if 𝑋
𝑖
< min [G (𝑖)] then 𝑋

𝑖
= min [G (𝑖)] .

(5)

The following normalization is proposed based on
Assumptions 5 and 6:

𝑥
𝑖
=

𝑋
𝑖
−min [G (𝑖)]

max [G (𝑖)] −min [G (𝑖)]
, 𝑖 = 1, 2, . . . , 𝑛. (6)

By substituting (3) into (6), the normalization equation
related only to the self space samples is obtained, which is

𝑥
𝑖
=

𝑋
𝑖
− 2 ⋅min [S (𝑖)] +max [S (𝑖)]
3 ⋅ (max [S (𝑖)] −min [S (𝑖)])

, 𝑖 = 1, 2, . . . , 𝑛. (7)

After normalizing all the 𝑛 dimensions, the feature vector,
x = (𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
), belongs to [0, 1]𝑛.
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Figure 1: Flowchart of the relevance vector machine based nonself-detection algorithm.

Remarks. This algorithm combines RRNS and RVM, where
the detectors generated by RRNS are considered as the set of
nonself samples, together with the set of self space samples,
serving as the two classes of samples for training the RVM
classification model. The main purpose here is to construct
a hyperplane for the classification between the self space and
the nonself space.

(1) The proposed normalization method maps the orig-
inal self space into the center of the system state
space surrounded by the nonself space. Therefore, it
is possible to train and find the hyperplane separating
the self space and the nonself space.

(2) The normalized samples occupy the center 1/3 range.
The self space and the nonself space are balanced in
either the positive direction or the negative direction,
which enables the training of the classifying hyper
plane, that is, the smallest irregular hypersphere
containing the self space samples.

(3) After the training succeeds, the truncated samples
and the results after truncation are considered as
nonself samples. Therefore, the truncation does not
affect the classification. The classification model can
be applied in the whole R𝑛 space without dimension
overflow.

2.3. Immune Relevant Vector Machine (IRVM) Nonself Detec-
tion Algorithm. According to the mechanism of biological
immune recognition, the traditional immune recognition
algorithm generates a large number of detectors using dif-
ferent negative selection algorithms. The detectors are then
compared with unknown state samples to detect anomaly.
Although the method is simple and intuitive, its efficiency is
usually low because the number of detectors is too large in
practice, which inhibits the application of the method.

In the studies here, the detectors are generated as the
nonself supervized learning samples because they are evenly
distributed in the nonself space, which are then trained using

RVM. Those are the most important ideas of the immune
relevant vector machine nonself detection algorithm.

Figure 1 is the flowchart of the IRVM nonself detection
algorithm, including the training phase and the detection
phase. During the training phase, the training samples are the
self space samples instead of the nonself space samples.Three
steps are required during the training phase.

Step 1. The system state space normalization:The self sample
set is normalized according to (7), denoted as S after
normalization.

Step 2. Nonself sample generation: A fixed number of detec-
tors are generated in the system state space using RRNS based
on the self sample set S. The detectors serve as the training
sample set in the nonself space, denoted as NS .

Step 3. RVM classification model training: Merge the self
sample set S and the nonself samples set NS , input them to
the RVMclassification training algorithm, and train the RVM
classification model using the RBF kernel functions, whose
radius is selected as 0.5, which is the center of the normalized
range.

The IRVM training algorithm can be considered as a
combination of the normalization, RRNS, and the RVM
classification algorithm, as shown in Figure 1. IRVM non-
self detection algorithm requires only one class of training
samples and can obtain the RVM classificationmodel for two
classes.

During the detection phase, RVM nonself detection
model contains two parts, the normalization process and
the RVM classification model training, whose output is the
posterior probability. If the posterior probability is greater
than 0.5, then the sample is a self sample, otherwise, a nonself
sample.

The combination of RRNS algorithm andRVMalgorithm
in the IRVM nonself detection algorithm exploits the RRNS
ability of simulating nonself samples in the nonself space and
adopts the RVM advantages of being simple and fast at the
same time.
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Figure 2: Immune relevance vector machine based fault detection system.

3. Fault Detection and Diagnosis Based on
Immune Relevant Vector Machine

3.1. Fault Detection Model Based on IRVM. Fault detection is
a typical classification problem for two, since only the normal
state and the fault state exist. The fault diagnosis model
based on IRVM classification needs only the normal samples.
The model treats the feature vector space under normal
conditions as the self space and the feature vector under fault
conditions as the nonself space.

The IRVM fault detection system is shown in Figure 2,
including the model training phase and the online detection
phase. Compared with Figure 1, the whole system is included
in this figure.

Two steps are included in the model training phase.

Step 1. A number of normal state samples are collected, the
characteristic features are extracted, the feature vectors are
constructed, and the set of normal samples is formulated.
According to the real working conditions, different types of
data may be collected to validate of the final detection model
under different working conditions.

Step 2. The IRVM fault detection model is gained after the
training of the normal state samples according to the IRVM
training algorithm.

During the online fault detection phase, the state data are
collected, the feature vectors are extracted, and the unknown
state samples to be tested are then formed and input to the
IRVM fault detection model. Whether the state is a fault state
or a normal state is determined according to the posterior
probability output.

3.2. Fault Diagnosis Model Based on IRVM. Traditional
immune detection algorithm determines self and nonself
modes and then detects anomaly. In many cases, to detect
fault is usually not enough. The class of the faults and the
level of faults need detection too, which forms a multiclass

classification problem. Explanation on how to diagnose mul-
tiple fault classes using the immune relevant vector machine
nonself detection algorithm is illustrated in the following
paragraphs.

The framework of IRVM fault diagnosis model for mul-
tiple classes is plotted in Figure 3. The model is composed
of multiple IRVM single class fault diagnosis models. Each
IRVM single class fault diagnosismodel is trained in the same
way as that shown in Figure 2, while its training sample set
is the fault sample set of one specific fault class instead of
a normal sample set. During the training phase, one IRVM
detection model for one class of failure is trained according
to the IRVM training algorithm.

For detecting multiple fault classes, the procedure is as
follows: first of all, the unknown sample to be detected is input
to every IRVMdetectionmodel.Then, a posterior probability
output is obtained connecting with one class of failure.
Afterwards, the largest posterior probability is selected and
the referred class becomes a candidate failure class. If the pos-
terior probability is greater than 0.5, then the referred class
of failure is the model output. Otherwise, if no class has the
posterior probability greater than 0.5, then this testing sample
does not belong to any known fault class and is detected as an
unknown class.

The IRVM multi-class fault diagnosis model includes all
target fault IRVMdetectionmodels together with a combina-
tional detection rules:

IRVM fault diagnosis model

= {all target fault IRVM detection models}

+ {combinational detection rules} .

(8)

The structure of the IRVM multi-class detection model is
similar to that of the standard RVM one against All (RVM-
OAA) algorithm, but the OAA method does not actually
occupy thewhole nonself space since it uses the samples other
than the target samples as the nonself space sample, which



Advances in Mechanical Engineering 5

Table 1: Results for the 2-dimensional Iris data.

Experiment results SVDD IRVM
Tr.Err Te.FP Te.FN Te.Err Tr.Err Te.FP Te.FN Te.Err

1 0.100 0.1 0.02 0.0273 0 0.0 0.03 0.0273
2 0.100 0.2 0.00 0.0182 0 0.1 0.00 0.0091
3 0.075 0.1 0.01 0.0182 0 0.0 0.02 0.0182
4 0.075 0.2 0.02 0.0364 0 0.1 0.00 0.0091
5 0.075 0.2 0.02 0.0364 0 0.0 0.00 0.0000
Average 0.085 0.16 0.014 0.0273 0 0.04 0.01 0.0127

IRVM detection model IRVM detection model IRVM detection model
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samples

IRVM training
algorithm

IRVM training
algorithm
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Figure 3: Principle of the construction of IRVM based multiclass fault diagnosis model.

may lead to misclassification of unknown classes and wrong
diagnosis. Therefore, IRVM has better generalization ability
than the RVM-OAA method.

4. Experimental Validation and Analysis

In order to verify the effectiveness of the IRVM nonself
detection algorithm, the standard Fisher’s Iris dataset is used
for experimental verification and analysis. The experiment
results are also compared with those of the support vector
data description (SVDD) [15] method, another commonly
used anomaly detectionmethod in the area of fault detection.

4.1. Experiments on Model Verification with the Fisher’s Iris
Data. Fisher’s Iris is a commonly recognized dataset for
algorithm verification in the area of machine learning. The
Iris dataset has four features of three types of irises.The three
types of irises are Setosa, Virginica, and Versicolor. Each type
of irises has 50 samples with a total of 150 sample data. The
four features are the petal length, petal width, sepal length,
and sepal width.

During the experiments, Setosa is considered as the self
type, while Virginica and Versicolor are considered as the
nonself types. Forty Setosa samples are randomly chosen as
the training samples of the self space and the rest of the sam-
ples are all the testing samples. The experiment is repeated

for 5 times to reduce the random error and carried on with
2 features (feature 1 and feature 2) and 4 features separately
for visualizing the algorithm effectiveness.The 2-dimensional
data distribution is shown in Figure 4. Figure 4(a) is the orig-
inal data distribution and Figure 4(b) is the data distribution
after the normalization.

4.2. Results and Analysis. Tables 1 and 2 list the results for the
2-dimensional and the 4-dimensional Iris data, respectively.
Tr.Err, Te.FP, and TE.FN are the training error rate, the
testing false positive rate, and training false negative rate,
respectively.

FromTables 1 and 2, the following conclusions are drawn:

(1) IRVM does not have a training error while SVDD
does.

(2) Both IRVM and SVDD have a high accuracy for
nonself testing samples; that is, both have low false
negative rates. When all the 4 features are considered,
the false negative rates are zeros, which indicates that
the self set and the nonself set are highly separable.

(3) IRVM has a better false positive rate than SVDD.

(4) Generally, IRVM is more accurate and has better
generalization ability when the self set and nonself set
are highly separable.
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Table 2: Results for the 4-dimensional Iris data.

Experiment results SVDD IRVM
Tr.Err Te.FP Te.FN Te.Err Tr.Err Te.FP Te.FN Te.Err

1 0.125 0.1 0 0.0091 0 0.0 0 0.0000
2 0.100 0.2 0 0.0182 0 0.1 0 0.0091
3 0.100 0.3 0 0.0273 0 0.0 0 0.0000
4 0.075 0.6 0 0.0545 0 0.2 0 0.0182
5 0.125 0.1 0 0.0091 0 0.0 0 0.0000
Average 0.105 0.26 0 0.0236 0 0.06 0 0.0055
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Figure 4: Data distribution of the Iris dataset. (a) Original value. (b) Normalized value.

0

0 0.2 0.4 0.6 0.8 1

0.2

0.4

0.6

0.8

1

Feature 1

Fe
at

ur
e 2

Self
Nonself

RVs
Boundary

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Figure 5: Training results of the IRVM experiment of Iris dataset.

The RRNS-RVM training and testing results are depicted
in Figures 5 and 6, respectively. Figure 7 is the comparative
results using SVDD. Figure 5 shows the distribution of the self

training samples, the distribution of nonself training samples
using RRNS, as well as the dividing line of RVM model,
the relevant vector points, and the posterior probability
distribution. The following is seen:

(1) RRNS can generate more evenly distributed nonself
detectors, that is, nonself samples.

(2) The dividing line from the classification model
trained using IRVM wraps the self training sample
set as a closed curve, separating the self space and the
nonself space.

(3) The improved normalizationmethod balances the self
space and the nonself space in every direction, which
guarantees the training accuracy of the RVMmodel.

Comparing Figures 5, 6, and 7, by observing the dividing
lines of IRVM and SVDD, it is seen that IRVM has zero
training error, while SVDD always has some training error.
The reason is that IRVM is to find a closure through training,
within which is the whole self sample space, while SVDD
originates from anomaly detection, that is, to remove all
the abnormal samples and minimize the false positive rate
[16, 17]. Similarly, IRVMmodel has a much lower false nega-
tive rate than the SVDDmodel.
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Iris dataset is a relatively simple and small dataset. The
experiments here are basically for illustrative purposes. Inter-
ested readers may use several other datasets [18] to testify the
performance of the proposed method.

5. Conclusions

In this paper, an immune relevant vector machine intelligent
fault detection and diagnosis method is proposed, inspired
by “self/nonself ” recognition mechanism in the artificial
immune systems. The method is able to handle the efficiency
problem due to missing or incomplete fault samples in the
traditional intelligent classification algorithm, since it com-
bines the random real-valued negative selection (RRNS)
algorithm in the artificial immune system and the relevant
vector machine (RVM) algorithm. The detectors generated
by RRNS are considered as the nonself training samples,

which are used to train the RVM model together with the
self samples. The detection model is then obtained requiring
only the self samples. Based on the model and the method,
the fault detection can be performed using only the normal
samples, and the known and unknown faults can be identified
accurately with incomplete training samples. The method
proposed adopts the advantage of the RNSS algorithms and
outranks the traditional immune algorithms with reduced
computation load and improved efficiency.
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This paper deals with the autonomous navigation problem of a mobile robot in outdoor road environments. The target application
is surveillance in petroleum storage bases. Although there have been remarkable technological achievements recently in the area
of outdoor navigation, robotic systems are still expensive due to a large number of high cost sensors. This paper proposes the
reliable extraction algorithm of traversable regions using a single onboard Laser Range Finder (LRF) in outdoor road environments.
The traversable regions are derived from the classifications of the road surfaces, curbs, and obstacles. The proposed scheme was
experimentally tested in success. Since there are many potential applications that require autonomous service robots to move in
semistructured road environments, the proposed scheme can be widely used as a low-cost practical solution.

1. Introduction

It is difficult to find reliable solutions for automated diagnosis
of mechanical structures in harsh outdoor environment.
Figure 1 is a petroleum base that is a typical example of harsh
environment. It is common that a petroleum base is close
to harbor in order to allow easy access to oil tankers. Main-
tenance by human operator is difficult because of the risk
of explosion and huge workspace. Surveillance for security
purpose is also required. Therefore, mobile robotic systems
are advantageous. Direct access by a robot with leakage
sensors and cameras is essential in practical applications.

The aim of this work is to provide a practical low-
cost robotic surveillance solution in outdoor paved road
environment.The road in a petroleumbase is a restricted area
without many dynamic obstacles. Therefore, environmental
uncertainty is relatively low.However, a reliable day and night
operation is required. The robot should be able to survive in
various weather conditions.

Recently, the application area of mobile robots has been
expanding [1–4]. Especially, outdoor navigation of mobile

robots has received much attention, fostering a large num-
ber of significant technological achievements [5, 6]. Typi-
cal examples are the automated robotic vehicles shown in
DARPA challenge [7, 8]. Furthermore, some successful tech-
nologies can be found, for example, in [9, 10]. These tech-
nologies, however, are based on multiple high costs sensing
equipment as solutions. Expensive sensing equipment is
required to overcome a variety of uncertainties in unstruc-
tured outdoor environments. However, the high cost of
these technologies limits the practical applications of robotic
systems using these technologies.

This paper proposes a reliable extraction algorithm of
traversable regions using a single onboard Laser Range
Finder (LRF) in outdoor road environments. The traversable
regions are derived from the classifications of the road
surfaces, curbs, and obstacles.

Detection of road curbs or lanes has been studied.
Vision systems are the common approach for road-lane
detection.Wang’s method [11], Vector Lane Concept [12], and
Wu’s method [13] are successful vision-based methodologies.
However, the major drawback of vision systems is that
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100 m

Figure 1: Target environment.

Table 1: Nomenclature.

Symbols Meaning
𝑋
𝐿
, 𝑌
𝐿
, 𝑍
𝐿
LRF local coordinate.

𝑋
𝑅
, 𝑌
𝑅
, 𝑍
𝑅
Robot local coordinate

Φ Nominal tilt angle of a LRF
𝜀 Tolerance of pitch angle

𝜃
𝑓

Angle between the detected road surface points and
𝑌
𝑅
-axis

𝜃
𝑐

Angle between the detected curb and 𝑌
𝑅
-axis

𝑑
𝑓

Horizontal distance from the LRF origin to the road
surface points

𝑑
𝑐

Gap between two parallel curbs. Road width.
𝑑
𝐶,𝑅

Lateral margin from the LRF origin to the right curb
𝑑
𝐶,𝐿

Lateral margin from the LRF origin to the left curb
𝑋pass Detected traversable region in 𝑥 direction
𝑌pass Detected traversable region in 𝑦 direction
𝑅
𝑌

Expected 𝑦 range of the road surface points

they have difficulty when confronted with bad weather or
illumination change.

LRFs have been widely used. Rho et al. [15, 16] proposed
an algorithm for detecting curbs by extracting the lines
of a road surface using Hough transforms. Although the
algorithm works well in many cases, the curbs and road
surfaces have to be sufficiently flat because of the limitation
of the Hough transform. In [17], an algorithm is presented for
detecting the lines of curbs for some classes of environment
using the ExtendedKalman Filter (EKF). Kodagoda et al. [18–
20] proposed a reliable curb detection algorithm based on
the EKF. The algorithm was experimentally verified under a
dynamic obstacle environment. LRF data have been obtained
in 3D and used to detect the traversable area of the road [21].
However, traversable regions have been commonly detected
using vision sensors. Nefian and Bradski [22] proposed
a method of image segmentation based on the Bayesian
network. An algorithm for detecting a traversable area using
a homography segmentation has been presented [23]. Vision
sensors, however, have difficulties in coping with badweather

LRF
coordinate

Robot
coordinate

XR

YR

ZR

Φ
XL

YL

ZL

Curb

Curb

𝜃f

df

dC,L

dC,R

Figure 2: Definition of coordinates and variables. An LRF is
mounted at tilt angle Φ. Dotted line represents the nominal road
surface. The shaded zone corresponds to the traversable region.

YR

ZR

LRF

YL

ZL
RY𝜀

Figure 3: Expected region of the road surface 𝑅
𝑌
.

and illumination change. In [24], a traversable road extrac-
tion method was presented for autonomous robot navigation
in outdoor cluttered pedestrian walkways. Multiple LRFs are
required for implementation.

In this paper, we propose an algorithm for recognition
of curbs, the road surfaces, and obstacles using a single
LRF in various road conditions. At least one LRF is already
installed for obstacle detection, so the proposed algorithm
can be applied without additional costs. The traversable
region is determined by the locations of curbs and obstacles
in the robot’s local coordinate. The robot can move safely if
traversable region can be detected successfully, even when
the localization accuracy is poor. The underlying idea of
this study is to utilize the accurate range data of the LRF.
Vision systems are excluded to guarantee reliable operation
regardless of weather conditions. This paper presents a novel
approach to the reliable recognition of road features. Several
attributes are defined as geometric features. Experimental
attribute data are collected, and the recognition algorithm
is inductively established by using the Principal Component
Analysis (PCA). The PCA in [25] provides the mathematical
framework of combining multiple geometric attributes.

The rest of the paper is organized as follows. In Section 2,
the traversable region detection algorithm is presented.
Section 3 presents the experimental results of an outdoor



Advances in Mechanical Engineering 3

−6 −4 −2 0 2 4 6 −6 −4 −2 0 2 4 6
−2

0

2

4

6

8

10

−2

0

2

4

6

8

10

Minimum distance

Maximum distance

x (m) x (m)

y
(m

)

y
(m

)

Ry

Figure 4: LRF data of the road surface and expected region of the road surface 𝑅
𝑌
.

105

100

95

90

85

80

1000 2000 3000 4000 5000 6000 7000 8000

The slope of road surface

+𝜃e

−𝜃e

75
0

(d
eg

)

Figure 5: Slope (∘) of the road surface and tolerance (𝜃
𝑒
) of the slope

in robot coordinates.

mobile robot in the petroleum storage base environment.
Some concluding remarks are presented in Section 4.

2. Traversable Region Detection Algorithm

2.1. System Configuration. Figure 2 presents the coordinate
frames and the mounting configuration of the LRF. The
fixed LRF looks down on the road at a small tilt angle Φ.
The scanning range is assumed to be 180∘. Table 1 shows
the nomenclature. Variables are described with respect to
the robot coordinate. The traversable region corresponds to
the road surface between the right and left curbs excluding
obstacles.

The road surface points form a straight line if the ground
is flat. However, more often, the range images of the road
surface show generally curves because most of the road

surfaces are convex. The LRF measurements are affected
by the vibration of the robot during motion. Curbs are
typically two parallel lines in the range image. However, curb
images become distorted for a curved road. There are many
different shapes of curbs. In addition, there are no curbs at
branches or intersections. Therefore, various uncertainties of
LRF measurements should be considered.

The proposed algorithm is composed of three steps. The
first step is to determine the pose of the robot with respect to
the road surface points (road feature detection). The second
step is to extract curbs (curb detection). The third step is
to extract the traversable road region with consideration to
obstacles (traversable road-region detection).

2.2. Road Feature Detection. The expected region of the road
surface is presented in Figure 3. This is derived from the
tolerance of the LRF pitch angle. Distribution of LRF data
varies with the 𝑌

𝐿
-axis as the robot moves along the road.

In practice, these variations are caused by the unevenness
of the road surface. In order to obtain the tolerance of
the pitch angle, an experiment was conducted in the target
environment shown in Figure 1. LRF data were accumulated
while the robot was traveling. Figure 4 shows the selected
LRF data which has minimum and maximum distances to
the robot position. By using this information, we can assume
the expected road region of the road surface, 𝑅

𝑌
, as shown in

right Figure 4. The tolerance 𝜀 is derived from the expected
road region of the road surface, 𝑅

𝑌
, as indicated in Figure 3.

Therefore, the tolerance 𝜀 is determined as 2∘.
In order to identify road surface points, the LRF data

in the expected region are selected first. Then, consecutive
points are clustered. If the robot moves forward on a straight
and flat road, the cluster of the road surface points becomes a
line.The slope of the road surface line is parallel with the𝑋

𝑅
-

axis in the ideal case. In practice, the slope of the point cluster
may have some variations because of convex road surfaces or
robot heading errors. The tolerance errors of heading angle
can be determined by experiments in target environment.
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Figure 5 shows the slope of the road surface with 8000 LRF
data.

In Figure 5, the yellow line represents the average slope
of the road surface, which is 89.6∘ close to 90∘. Therefore, it
can be concluded that the slope of the road surface is parallel
to the 𝑋

𝑅
-axis. The red dotted line indicates the upper and

lower bounds of the slope of the road surface. Therefore, the
tolerance ±𝜃

𝑒
is determined as 25∘ by the difference between

the upper and lower bounds. Finally, the extracted clusters
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Figure 8: Target road environment of various road conditions, and
a sector of the given area that is shown in Figure 1.

of the road surface points form the road surface. The road
feature detection algorithm can be summarized as shown in
Algorithm 1.

From the computed 𝐿
𝑓
in Algorithm 1, the road surface

can be represented as one line using the conventional least
square method. Angle 𝜃

𝑓
is the angle difference between the

𝑌
𝑅
-axis and the derived line.The horizontal distance from the
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(1) 𝐿
𝑋,𝑘

← 𝑥 coordinate of the LRF measurement
(2) 𝐿
𝑌,𝑘

← 𝑦 coordinate of the LRF measurement
(3)𝑁 ← Count of the LRF measurement
(4) for 𝑘 ← 1 to𝑁
(5) if 𝐿

𝑌,𝑘
∈ 𝑅
𝑌

(6) then 𝐿
𝑟
← Candidate for the road surface

(7) 𝜃
𝐿,𝑟
← Slope of candidate for the road surface

(8) 𝑀← Count of candidate for the road surface
(9) for 𝑙 ← 1 to𝑀
(10) if 



𝜃
𝐿,𝑟






≤ 𝜃
𝑒

(11) then 𝐿
𝑓
← save 𝐿

𝑟
as the road surface

(12) return (𝐿
𝑓
)

Algorithm 1: Computing the road feature properties.

(1) Select the first𝑁 points, construct a line by the use of a least square method in [14].
(2) Construct a line by employing the next𝑁 points.
(3) Compute Euclidean distance of two lines.
(4) If Euclidean distance is smaller than 𝑑

𝑚
, merge the lines and re-compute the line

parameters, continue (go to 2).
(5) Otherwise, return the line.
(6) Continue with the next𝑁 points, go to 2.

Algorithm 2: Line segmentation and clustering.

LRForigin to the road surface points is represented by𝑑
𝑓
.The

average value of 𝑦 coordinates of the derived line.

2.3. Curb Detection Using the Principal Component Analysis
(PCA). At first, by combining consecutive N LRF data, each
line segment is constructed. Then, separate line segments
are merged into one line when multiple line segments can
be considered to be a single line. In order to evaluate the
closeness of line segments, Euclidean distance is applied as
introduced in [14]. Two line segments𝑥

𝑖
= [𝛼
𝑖
𝑟
𝑖
]

𝑇 and𝑥j =
[𝛼j 𝑟j]

𝑇 in polar coordinate are merged when the Euclidean
distance is smaller than threshold 𝑑

𝑚
. The validation process

can be written as the following equation:

(𝑥
𝑖
− 𝑥
𝑗
)

𝑇

(𝑥
𝑖
− 𝑥
𝑗
) ≤ 𝑑
𝑚
. (1)

The procedure of line segmentation and clustering can be
summarized as in Algorithm 2.

Extracted line clusters are considered as curb candidates.
We define several attributes from geometric features in

order to extract curbs. The defined attributes are shown as
follows.

(Att 1) The angular difference between the curb orientation
𝜃
𝑐
and road-surface slope 𝜃

𝑓
. This is close to 90∘.

(Att 2) The gap between the road surface horizon distance 𝑑
𝑓

and the maximum 𝑦 of the curb points. This is close
to 0.

(Att 3) The angular difference between the left and the right
curb orientations. This is close to 0.

(Att 4) The range difference between the road width and the
gap of two curbs. This is close to 0. It is assumed that
the road width is known.

It is commonly assumed that the robot’s heading is
parallel with the curb orientation. However, this assumption
becomes invalid when there is an inclination of the road
surface. (Att 1) extracts the candidate lines of both right and
left curbs. The candidate lines are registered as curbs when
the candidates satisfy the validation gate, which is a function
of (Att 2), (Att 3), and (Att 4). About (Att 2), (Att 3), and
(Att 4), we exploit the Principal Component Analysis (PCA)
in order to define the validation gate. The PCA provides
a mathematical procedure to combine three attributes as
a linear combination. Therefore, the range of candidate
curbs can be derived from these attributes with different
dimensions. At last, prospective curbs can be selected from
the candidate curbs within this range.

The validation gate is a scalar, and it is defined as a
combination of attributes. There exists a unit vector 𝑢 that
can maximally represent all components. The vector 𝑢 is
defined as the principal axis that reduces the dimensions
of the attribute space. In order to reduce the dimensions
of attributes to 𝑘 (where 𝑘 < 𝑛), each attribute should be
normalized first:

𝜇 =

1

𝑚

𝑚

∑

𝑖=1

𝑥

(𝑖)
𝑥

(𝑖)
− 𝜇 (2)

𝜎

2

𝑗
=

1

𝑚

∑

𝑖=1

(𝑥

(𝑖)

𝑗
)

2

, 𝑥

(𝑖)

𝑗
=

𝑥

(𝑖)

𝑗
− 𝜇

𝜎
𝑗

. (3)
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(1) 𝐿
𝑋,𝑘

← 𝑥 coordinate of the LRF measurement
(2) 𝐿
𝑌,𝑘

← 𝑦 coordinate of the LRF measurement
(3) 𝑑
𝑓
←Horizontal distance to road surface

(4)𝑁 ← Count of the LRF measurement
(5) for 𝑘 ← 1 to𝑁
(6) if 𝐿

𝑋,𝑘
≤ 𝑑
𝐶,𝑅

and 𝐿
𝑋,𝑘

≥ −𝑑
𝐶,𝐿

(7) if 𝐿
𝑌,𝑘

≤ 𝑑
𝑓

(8) then 𝐿obstacle ← Obstacle data set
(9) else 𝐿pass ← Add 𝐿

𝑋,𝑘
and 𝐿

𝑌,𝑘
to the traversable

region, data set (𝑋pass, 𝑌pass)

(10) return (𝐿pass)

Algorithm 3: Detect the traversable road region.
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Figure 10: PCA attributes in straight road environment.

Means are shifted to 0 by (2). Equation (3) is the rescaling
process. The unit vector 𝑢 can be derived from the following
equation:

1

𝑚

𝑚

∑

𝑗=1

(𝑥

(𝑖)𝑇
𝑢)

2

=

1

𝑚

𝑚

∑

𝑖=1

𝑢

𝑇
𝑥

(𝑖)
𝑥

(𝑖)𝑇
𝑢

= 𝑢

𝑇
(

1

𝑚

𝑚

∑

𝑗=1

𝑥

(𝑖)
𝑥

(𝑖)𝑇
)𝑢.

(4)

The unit vector 𝑢 is defined from the eigenvector and the
eigenvalue of the covariance matrix Σ = (1/𝑚)∑

𝑚

𝑗=1
𝑥

(𝑖)
𝑥

(𝑖)𝑇

by the following equation:

𝑢

𝑇
Σ𝑢 = 𝑢

𝑇
𝜆𝑢 = 𝜆𝑢

𝑇
𝑢 = 𝜆

Σ𝑢 = 𝜆𝑢.

(5)

In (5), 𝑢 is the eigenvector of the covariance matrix Σ,
and 𝜆 is the eigenvalue. The principal axis corresponds to
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Figure 11: (a) Experimental environment; (b) LRF data; (c) detected road surface; (d) candidate curbs on the left and right; (e) detected curbs;
(f) detected traversable road region.
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Figure 12: PCA attributes in straight road environment.

the eigenvector with the largest eigenvalue. Figure 6 shows
the computational result of the PCA algorithm.The blue line
represents the selected principal axis, and the green dotted
line is the range of the principal axis which can be selected as
curbs. The red dots represent the principal component.

The experimental measurements are obtained from a test
run in the environment in Figure 1. FromLRFmeasurements,
999 candidate lines were extracted. The principal axis 𝑢 is
shown in the principal component space. The validation gate
Vg can be defined by the following equation:

Vg = 𝑢
1
⋅ 𝑋
1
+ 𝑢
2
⋅ 𝑋
2
+ 𝑢
3
⋅ 𝑋
3
. (6)

A reliable curb recognition algorithm can be obtained
by appropriate selection of the range of Vg results. 𝑋

1
,

𝑋
2
, and 𝑋

3
correspond to the principal components of

attributes (Att 2), (Att 3), and (Att 4), respectively.The range
of the principal component is determined by comparing the
collected data of the curbs with the expected values. The
derived range is used for obtaining the acceptable ranges of
attributes from the experimental results and represented as
the green line in Figure 6. Table 2 summarizes the acceptable
ranges of attributes from the experimental results.

2.4. Traversable Region and Obstacle Detection. LRF data
within the range between the left curb (𝑑

𝐶,𝐿
) and the right

Table 2: Acceptable range of curb attributes.

Att 2 [m] Att 3 [deg] Att 4 [m]
Max. 1.5 20 0.5
Min. 0.1 −20 −0.5

Table 3: Selection of curbs (values resulting from (6)).

R 1 R 2
L 1 4.29 0.86

Table 4: Selection of curbs (values resulting from (6)).

R 1 R 2
L 1 1.79 1.75
L 2 1.92 1.88

Table 5: Selection of curbs (values resulting from (6)).

L 1 L 2
R 1 1.19 1.37

curb (𝑑
𝐶,𝑅

) are determined as the expected region. This
region is used to detect obstacles and traversable area. If the
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Figure 13: (a) Road environment with weeds; (b) candidate curbs on the left and right; (c) detected weeds as the curb; (d) detected traversable
road region.

Table 6: Expected obstacle region.

Min. value, m Max. value, m
𝑋 range −3.58 3.56
𝑌 range 0 3.73

Table 7: Expected obstacle region.

Min. value, m Max. value, m
𝑋 range −3.41 3.71
𝑌 range 0 3.92

𝑦 value of LRF data is lower than 𝑑
𝑓
, the data represents an

obstacle.The expected region without obstacles is considered
as a traversable area. The algorithm also enables the robot to
calculate the traversable area regardless of curbs by assuming

the locations of the curbs when the value of the road’s width
is given. The algorithm for the condition in which both left
and right curbs exist is as in Algorithm 3.

Detected traversable region can guarantee the safety of
outdoor navigation regardless of the localization perfor-
mance since it guides the robot in a safe drive direction in
the robot coordinate system.Therefore, this method can also
be used for local obstacle avoidance such as VFH [26].

3. Experimental Results

3.1. Experimental Setup. Figure 7 shows the experimental
setup. We constructed the navigation system on a P3-AT
model of pioneer. It is a four-wheeled robot designed for
outdoor use with odometry. A SICK laser sensor (LMS200 in
[27]) is mounted on the robot to detect the range around the
robot. The maximum range of the LRF is 33m, and its static
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Figure 14: Experimental environment and detected curbs and traversable region on a fork in the road in robot coordinates.
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error is under 0.3 cm. To detect the road surfaces and curbs,
the LRF was mounted at a small tilt angle 6.4∘. The Novatel
DGPS systemwas attached to localize the robot and theXsens
gyrocompass sensor was used to obtain the direction of the
robot. Computations were conducted by a laptop.

The proposed algorithm is applied to the various road
environments in petroleum storage bases. Figure 8 presents
the setting of the targeted roads in global coordinates. In
order to test the robot’s performance in various conditions,
three different types of roads were selected from the experi-
ment site: a straight road, area A; a curved road, area B; and a
forked road, area C. The widths of the roads are between 6m
and 7m, and the robot traveled in a clockwise direction.

Experiment I was conducted in area A, a straight road
with the width of 7m. While the robot traveled in area A,
curbs and traversable area were detected by LRF applying
the proposed algorithm. Experiment II was carried out in
area B, a curved road with the width of 6m. Experiment III
was conducted on a fork in the road of 6m in width, area
C. In Experiment III, as the robot traveled in a clockwise
direction, the curbs on the right side disappeared and thus
became undetectable. Experiment IV was carried out in area
A with obstacles. The results of robot navigation in these
environments are presented as follows.

3.2. Experiment I. As shown in Figure 8 in experiment I,
the robot traveled approximately 100m following the straight
center line in area A of the straight road environment. Curbs
existed on both sides of the road.While driving, 600 LRF data
were acquired. Figure 9 shows the process of the algorithm
with the LRF data. In Figure 9(a), the environment setting is
presented, and the red dotted line represents the positions of
the obtained LRF data. These LRF data are shown in robot
coordinate in Figure 9(b). Figure 9(c) shows the result of
detected road surface represented as a blue line. Figure 9(d)
shows the candidate curbs on both sides of the road. Left and
right sides are determined by the heading of the robot, 𝑌

𝑅

axis. There is one candidate curb (L 1) on the left and two
candidate curbs (R 1, R 2) on the right. With the attributes
of each candidate, the value of Vg is derived from the PCA
method. The candidate curbs with the lowest value of Vg
are selected as curbs. Therefore, L 1 and R 2 are detected as

curbs as shown in Figure 9(e).The calculated values of Vg are
indicated in Table 3. Figure 9(f) shows the result of detected
traversable road region.

The histograms illustrating the PCA attributes of detected
curbs from the results of experiment I are shown in Figure 10.
The average value of (Att 1) is 90.07∘. This result meets
the environmental condition that the angular difference
between curb orientation and road-surface slope is almost
perpendicular. Other attributes are also in acceptable ranges
of curb attributes as shown in Table 2. Distribution of (Att 2)
is between 0.2m and 1.2m, which is within the acceptable
range of (Att 2), between 0m and 1.5m. The average value
of (Att 3) is −7.5∘, and the distribution is between −7.5∘ and
0∘ within the acceptable range of (Att 3). The average value
of (Att 4) is 0.07m, and the distribution is between 0m
and 0.16m within the acceptable range of (Att 4). These
results prove that experiment I was conducted successfully
for detecting curbs in area A. Also, the processing time of the
algorithm between steps was 76ms on average.

3.3. Experiment II. In experiment II, the robot traveled in
area B of the curved road environment. Curbs exist on
both sides of the road. While traveling, 418 LRF data were
accumulated. Figure 11 presents the process of the algorithm
with the LRF data in experiment II. In Figure 11(a), the
experimental environment is presented, and red dotted line
represents the positions of obtained LRF data. These LRF
data are plotted in robot coordinate as shown in Figure 11(b).
Figure 11(c) shows the result of detected road surface as a blue
line. In Figure 11(d), candidate curbs can be seen on both
sides of the road. There are two candidate curbs (L 1, L 2)
on the left and two candidate curbs (R 1, R 2) on the right.
With the attributes of each candidate, the value of Vg was
derived from PCA method. As shown in Figure 11(e), among
all candidate curbs, the curbs with the lowest value of Vg, L 1
andR 2, are selected.The calculated values ofVg are indicated
inTable 4. Figure 11(f) shows the result of detected traversable
road region.

Figure 12 shows the histograms illustrating the PCA
attributes of detected curbs from the results of experiment II.
All the attributes except for (Att 1) are within the acceptable
ranges of curb attributes as shown in Table 2. Because
experiment II was conducted on a curve, the difference in
angle between curb orientation and road-surface slope is not
clearly perpendicular. Thus, the average value of (Att 1) is
93∘. Distribution of (Att 2) is between 0m and 1.5m, which
are within the acceptable range of (Att 2). The average value
of (Att 3) is −12∘. This result shows that the difference in
angle between the left and the right curb orientations is larger
on curved roads than on straight road. The average value of
(Att 4) is 0.07m, and the distribution is between 0m and
0.16m in the acceptable range of (Att 4). These results show
that experiment II was conducted successfully for detecting
curbs in area B.

Figure 13 presents the failure case of curb detection that
the robot misclassifies the weeds on the road as curbs. This
result can be seen as a red circle in Figure 12.Theweeds can be
found near the left curb as shown in Figure 13(a). Figure 13(b)
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Figure 16: (a) Experimental environment; (b) detected curbs and obstacle; (c) candidates of traversable region; (d) detected traversable region.

shows the candidate curbs in this environment.There are two
candidate curbs (L 1, L 2) on the left, and there is a candidate
curb (R 1) on the right. The calculated values of Vg in (6) are
shown inTable 5. Pair (L 1, R 1) is selected as curbs because of
the lowest Vg.This is amisclassification because the true curb
pair is (L 2, R 1). The number of misclassifications was only
one during the movement in area B shown in Figure 8. This
result implies the 99.8% success rate (417 success/418 LRF
scans).Therefore, partial failure was not a significant concern
in practical applications.

3.4. Experiment III. Experiment III was conducted in area
C of a fork in the road with the width of 6m. In this
road environment, the robot could not detect curbs on the
right side while traveling in a clockwise direction. The robot
traveled about 50m and obtained 351 LRF data. Figure 14(a)
presents the LRF data obtained as the robot approached the
fork. As shown in Figure 14(b), even when curbs disappeared
on the right side of the roadwhile traveling, the robotwas able

to detect the traversable region successfully since the width of
the roadwas 6m, and the information of curbs on the left side
was given. Figure 14(c) shows LRF data collected by the robot
as it passed by the fork.

Figure 15 shows these results, which were transformed
into global coordinates. The blue line in Figure 15 indicates
the detected curbs, and the green area presents the detected
traversable region. Localization of the robot was estimated
by the EKF algorithm using odometry data, DGPS, and
gyroscope. In Figure 15, the location of the robot is plotted
every 40 steps, and the detected curbs are plotted every 5
steps. These results show that experiment III was conducted
successfully for detecting the traversable region and the curbs
on the left side.The processing time of the algorithm between
steps was 90ms on average.

3.5. Experiment IV. In order to verify the algorithm in the
obstacle environment, Experiment IV was carried out in
area A. Figure 16 shows the experimental results of detected



14 Advances in Mechanical Engineering

(a)

−6 −4 −2 0 2 4 6
−2

0

2

4

6

8

10

x (m)

y
(m

)

(b)

−6 −4 −2 0 2 4 6
−2

0

2

4

6

8

10

x (m)

y
(m

)

(c)

−6 −4 −2 0 2 4 6
−2

0

2

4

6

8

10

x (m)

y
(m

)

(d)

Figure 17: (a) Experimental environment; (b) detected curbs and obstacles; (c) candidates of traversable region; (d) detected traversable
region.

traversable region when one pedestrian exists.The red dotted
line represents the scanning area of LRF. The curbs are
represented in blue lines as shown in Figure 16(b). The
horizontal distance 𝑑

𝑓
in Table 1 is shown in the red dashed

line. The expected obstacle region is determined by the
detected curbs and 𝑑

𝑓
as indicated in Table 6. The LRF data

lying on this region are considered as an obstacle. The red
circled data in Figure 16(b) indicate the detected obstacle
that corresponds to the pedestrian. From the road surface
and the obstacle, the candidates of traversable region are
obtained as shown in Figure 16(c).The green regions indicate
the candidates of the traversable region, and the red regions
show the collision region due to the detected obstacle. Among
these candidates of the traversable region, the region with the
widest width is finally selected for safety. The finally detected
traversable region is shown in Figure 16(d).

Figure 17 shows the experimental results, when one
pedestrian and a box exist. The experimental environment
is shown in Figure 17(a). The expected obstacle region is

determined by the curbs and the road surface as indicated in
Table 7.The LRF datamarked by the red circle in Figure 17(b)
are considered as obstacles that correspond to a pedestrian
and a box, respectively. The candidates of the traversable
region are shaded as the green regions. The collision regions
due to the obstacles are represented by the red regions. The
candidate region that has the widest width is selected as the
traversable region.

4. Conclusion

In this paper, we proposed a method that can address the
perceptual issues related to outdoor road environments for
outdoor navigation. We used a single laser range finder
to detect curbs, road surfaces, and obstacles. Hence, this
method can be easily adopted for practical applications. By
extracting two types of information (on curbs and road
surfaces), we increased the reliability of traversable road
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detection in relation to the findings of other studies. This
method, in combination with the pose estimation method,
was verified by experiments for various road environments.
This algorithm was computationally efficient and guaranteed
the safety of outdoor navigation. Since there are many
potential applications of autonomous outdoor mobile robots
in semistructured road environments, the proposed method
can be widely used as a low-cost practical solution for safe
outdoor navigation.
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[14] R. Siegwart and I. R. Nourbakhsh, Autonomous Mobile Robots,
MIT Press, Cambridge, Mass, USA, 2004.

[15] C.-W. Roh, S.-H. Kim, M.-J. Kim, S.-C. Kang, and S.-K. Hong,
“Development of patrol robot using DGPS and curb detection,”
International Journal of Control, Automation and Systems, vol.
13, pp. 140–146, 2007.

[16] S.-H. Kim, C.-W. Roh, S.-C. Kang, andM. Park, “Curb detection
using laser range finder for reliable outdoor navigation,” in
Proceedings of the IEEE International Conference on Advanced
Robotics (ICAR ’07), pp. 930–935, Jeju, Republic of Korea, 2007.

[17] C. Yu and D. Zhang, “Road curbs detection based on laser
radar,” in Proceedings of the 8th International Conference on
Signal Processing (ICSP ’06), Guilin, China, November 2006.

[18] W. S.Wijesoma, K. R. S. Kodagoda, andA. P. Balasuriya, “Road-
boundary detection and tracking using ladar sensing,” IEEE
Transactions onRobotics andAutomation, vol. 20, no. 3, pp. 456–
464, 2004.

[19] K. R. S. Kodagoda, W. S. Wijesoma, and A. P. Balasuriya, “Road
curb and intersection detection using a 2D LMS,” in Proceedings
of the IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS ’02), pp. 19–24, Lausanne, Switzerland,
October 2002.

[20] W. S. Wijesoma, K. R. S. Kodagoda, A. P. Balasuriya, and E. K.
Teoh, “Road edge and lane boundary detection using laser and
vision,” in Proceedings of the IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS ’01), pp. 1440–1445,
Maui, Hawaii, USA, November 2001.

[21] Y. Morales, A. Carballo, E. Takeuchi, A. Aburadani, and T.
Tsubouchi, “Autonomous robot navigation in outdoor cluttered
pedestrian walkways,” Journal of Field Robotics, vol. 26, no. 8,
pp. 609–635, 2009.

[22] A. V. Nefian and G. R. Bradski, “Detection of drivable corridors
for off-road autonomous navigation,” in Proceedings of the IEEE
International Conference on Image Processing (ICIP ’06), pp.
3025–3028, October 2006.

[23] C. Guo and S. Mita, “Drivable road region detection based
on homography estimation with road appearance and driving
state models,” in Proceedings of the 4th International Conference
on Autonomous Robots and Agents (ICARA ’09), pp. 204–209,
February 2009.

[24] B. Ma, S. Lakshmanan, and A. O. Hero III, “Simultaneous
detection of lane and pavement boundaries using model-
based multisensor fusion,” IEEE Transactions on Intelligent
Transportation Systems, vol. 1, no. 3, pp. 135–147, 2000.

[25] I. T. Jollife, Principal Component Analysis, Springer, New York,
NY, USA, 2nd edition, 2002.

[26] J. Borenstein and Y. Koren, “The vector field histogram—fast
obstacle avoidance for mobile robots,” IEEE Transactions on
Robotics and Automation, vol. 7, no. 3, pp. 278–288, 1991.

[27] S. Thrun, W. Burgard, and D. Fox, Probabilistic Robotics, MIT
Press, Cambridge, Mass, USA, 2005.



Hindawi Publishing Corporation
Advances in Mechanical Engineering
Volume 2013, Article ID 847612, 12 pages
http://dx.doi.org/10.1155/2013/847612

Research Article
A Computationally Efficient and Adaptive Approach for Online
Embedded Machinery Diagnosis in Harsh Environments

Chuan Jiang and Samuel H. Huang

Department of Mechanical Engineering, University of Cincinnati, Cincinnati, OH 45221, USA

Correspondence should be addressed to Chuan Jiang; jiangcn@mail.uc.edu

Received 21 April 2013; Accepted 16 June 2013

Academic Editor: Yixiang Huang

Copyright © 2013 C. Jiang and S. H. Huang. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

Condition-based monitoring (CBM) has advanced to the stage where industry is now demanding machinery that possesses
self-diagnosis ability. This need has spurred the CBM research to be applicable in more expanded areas over the past decades.
There are two critical issues in implementing CBM in harsh environments using embedded systems: computational efficiency
and adaptability. In this paper, a computationally efficient and adaptive approach including simple principal component analysis
(SPCA) for feature dimensionality reduction and K-means clustering for classification is proposed for online embeddedmachinery
diagnosis. Compared with the standard principal component analysis (PCA) and kernel principal component analysis (KPCA),
SPCA is adaptive in nature and has lower algorithm complexity when dealing with a large amount of data. The effectiveness of
the proposed approach is firstly validated using a standard rolling element bearing test dataset on a personal computer. It is then
deployed on an embedded real-time controller and used to monitor a rotating shaft. It was found that the proposed approach
scaled well, whereas the standard PCA-based approach broke down when data quantity increased to a certain level. Furthermore,
the proposed approach achieved 90% accuracy when diagnosing an induced fault compared to 59% accuracy obtained using the
standard PCA-based approach.

1. Introduction

Within the past decades, industrial maintenance has become
progressively significant due to the fact that industries are
demanding near-zero downtime for operating machines.
With the development of sensor and informatics technolo-
gies, condition-based maintenance (CBM) approaches have
been widely used in various applications [1–3]. One of the
challenges in today’s CBM research is that mechanical sys-
tems in harsh environments are difficult to bemaintained due
to their big size, faraway location, and limited accessibility
to large-scale computing unit. In addition, some unexpected
environmental conditions may accelerate the degradation or
failure of mechanical components since their design speci-
fications are based on general environments. These factors
will result in a failure to process the collected data efficiently
and assess the health status of operating machines adaptively.
Specifically, efficiency refers to how to quickly analyze the
data with limited computational resources and accurately

capture a simple set of features that represents the dynamic
characteristics of the operating machine [2]; adaptability
means abnormality or faults should be detected in a real-time
manner. Thus, an online embedded machinery diagnosis
strategy which integrates intelligent feature selection, diag-
nostic models, and embedded systems needs to be developed
to build an on-site knowledge-based platform for machinery
fault diagnosis in harsh environments. Although numerous
sensor and informatics technologies were applied in fault
diagnosis [3–5], the computational capabilities of embedded
systems still cannot meet the requirements when processing
a high dimensional dataset. The lack of data computation,
transfer speed, and data storage space of equipment in harsh
environments can also cause the failure to formulate an
optimized online CBM strategy, which has already become
a bottleneck problem in many practical situations [6]. There-
fore, it is inevitable to find ways to reduce the computational
burden of processing high dimensional datasets to realize an
optimized online embedded CBM application.
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This paper proposes a novel computationally efficient
approach which integrates a fast and adaptive feature dimen-
sionality reduction algorithm based on simple principal
component analysis (SPCA) and an intelligent K-means
clustering algorithm for fault diagnosis. Figure 1 depicts the
framework of the proposed approach for online machinery
diagnosis. Firstly, raw vibration signals collected from a data
acquisition system are analyzed by wavelet analysis, and the
energy features are obtained and normalized using z-score
method. Secondly, the efficient dimensionality reduction
tool, SPCA, is used to simplify the feature space and calculate
the principal component vectors. Thirdly, the intelligent K-
means clustering algorithm is applied to assess machine
performance and diagnose if any faults have happened in
a real-time manner [6]. Also, the diagnostic accuracy can
be calculated by confusion matrix analysis. The key of this
approach is the involvement of computationally efficient
algorithms for feature dimensionality reduction and adaptive
health assessment, which makes it a suitable approach for
online embedded machine diagnosis in harsh environments.

The remainder of this paper is organized as follows. In
Section 2, the state-of-art is reviewed for the different dimen-
sional reduction algorithms such as PCA, KPCA, SPCA, and
the intelligent K-means clustering algorithm. In Section 3,
the mathematical background of PCA, KPCA, and SPCA is
introduced with a theoretical analysis of the computational
complexity. The potential of SPCA in computational speed
and adaptability is discussed. Also, the proposed approach is
validated using an offline bearing test dataset. In Section 4,
a real online embedded case study is given. The proposed
approach is applied to analyze vibration signals that are
collected from an imbalanced shaft test rig. The diagnostic
results are not only validated, but also benchmarked regard-
ing the calculation speed, as well as the adaptability for the
scenario of potentially unknown faults in online embedded
CBM applications. Section 5 draws the conclusions.

2. State-of-the-Art

Condition monitoring for a mechanical system usually
requires installing some necessary sensors, which result in
multiple channels for different signals in the dataset. What’s
more, even for each channel, applying feature extraction
methods in time, frequency, andwavelet domain forms a high
dimensional feature matrix, which dramatically increases
the data dimension used to describe the condition of the
operating machines. This problem will not only create a big
burden for all the following data processing, transferring, and
storage, but alsowill hinder the expression for themost useful
data information and diagnostic decision making.

Numerous efforts have been targeted on developing
dimensionality reduction techniques in the past few decades.
Principal component analysis (PCA) is one of the most
popular dimension reduction techniques to optimize the
features without discarding much original information of
the feature space. For instance, Malhi and Gao used PCA
to identify the most representative features as inputs to a
defect classification applicationwith its ability to discriminate
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Figure 1: The framework of the computationally efficient and
adaptive approach.

directions with the largest variance in a dataset [7]. Tumer
and Huff extracted the principal “modes” of vibrations from
the input data for health monitoring of helicopter gearboxes
[8]. Khomfoi and Tolbert applied PCA to reduce the number
of neurons before neural network classification, and it helped
simplify the problem and achieve good results [9]. For studies
on fault diagnosis, PCA can be effectively used for feature
reduction from the original features [10]. On the other hand,
some extensions of PCA were developed for various appli-
cations. For example, kernel principal component analysis
(KPCA) was proposed to deal with nonlinear problems by
characterizing the nonlinearity and nonstationary of indus-
trial systems [11, 12]. Kim et al. applied KPCA to extract
facial features and solved face recognition problems [13].
He et al. also established a subspace of feature vectors for
gear condition monitoring through KPCA [14]. Researchers
have also used KPCA in condition-based monitoring and
fault diagnosis applications [15]. Simple principal component
analysis (SPCA), invented by Partridge and Calvo [16], was
used for dimensionality reduction of two high-dimensional
image databases with a fast convergence rate. However, most
of the previous studies focused only on the effectiveness of the
methods for data dimension reduction in an offline analysis
environment. Little attention has been paid to consider if
they are still applicable when used in an online embedded
CBM application, one of the future mainstreams of CBM
research. Even if offline datasets can be used to simulate an
online analysis environment for several online CBMmethods
[6, 17], some problems, such as efficiency and compatibility,
can be overlooked very easily without a real online embedded
validation.

In this paper, the proposed approach is particularly
designed for online embeddedmachinery CBM applications.
The most significant properties of SPCA, computational
speed and adaptability, help to improve the data analysis
efficiency and adaptively detect abnormality when working
with the intelligent K-means clustering algorithm [18] if the
machine degradation or fault happens. Further, this study
validates the advantages of the approach in an offline fault
diagnosis of rolling element bearing and an online embedded
imbalanced shaft diagnostic application, respectively.
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3. Online Embedded Machinery
Diagnosis Approach

3.1. Dimension Reduction. Basically, the methods to calculate
the principal components can be divided into two main
categories of calculating the eigenvectors. One is based on
matrix method, of which a practical technique is applying the
singular value decomposition (SVD) technique to calculate
principal component vectors. The most commonly used one
is the matrix method. For instance, PCA is a technique
that can be used to simplify a dataset. More formally it
is defined as a linear transformation that chooses a new
coordinate system for the dataset such that the greatest
variance by any projection of the dataset comes to lay on
the first axis, the second greatest variance on the second
axis, and so on.Mathematically, PCA converts feature vectors
into lower dimensional random variable with independently-
distributed components by finding the eigenvalues and eigen-
vectors of the covariance matrix to represent the statistical
significance and directions of principal components, respec-
tively [19]. The detailed steps can be illustrated as follows.

(1) Use 𝑥
𝑖
to represent the 𝑖th sample for the original 𝑛-

dimensional dataset, 𝑖 = 1, 2, . . . , 𝑚.

(2) Subtract off the mean of each measurement type for
the original 𝑛-dimensional data matrix X, then the
corresponding covariance matrix R = XX𝑇 can be
calculated as follows:

R =
𝑛

∑

𝑗=1

(𝑥
𝑗
− 𝑥) (𝑥

𝑗
− 𝑥)

𝑇

. (1)

(3) Calculate the eigenvalues 𝜆 and eigenvectors ] of R as
follows:

𝜆] = R]. (2)

(4) Sort the eigenvalues and the corresponding eigen-
vectors, select the first 𝑑 ≤ 𝑛 eigenvectors, and
generate the new data matrix. Here, 𝑑 is the number
of preferred dimensionality.

Another example of the matrix method to compute
eigenvalues and eigenvectors is KPCA, which is an extension
of the standard PCA using kernel functions to realize a
nonlinear mapping. For KPCA, data in the input space is
usually mapped to a higher dimensional feature space where
its eigenvectors can be calculated. However, the enhancement
for the nonlinear feature of KPCA requires much more
computational resources, which may lower the efficiency and
make it not suitable for online applications. The algorithm
steps of KPCA can be shown as follows.

(1) Use 𝑥
𝑖
to represent the 𝑖th sample for the original 𝑛-

dimensional dataset, 𝑖 = 1, 2, . . . , 𝑚.

(2) Subtract off the mean of each feature dimension for
the original data matrix X.

(3) Project the matrix obtained from step 2 to a higher
dimension by using a kernel function and normalize
the𝑚-by-𝑚 kernel matrix K as follows:

K = 𝑘 (𝑥
𝑖
, 𝑥
𝑗
) = Φ (𝑥

𝑖
) ⋅ Φ (𝑥

𝑗
) , (3)

where 𝑥
𝑖
and 𝑥

𝑗
are the sample vectors. 𝑘 is the kernel

function. The common kernel functions proposed by
Vapnik et al. [20] mainly include polynomial kernel
function, radial basis function, and neural network
kernel function in (4)–(6), respectively, as follows:

𝑘 (𝑥
𝑖
, 𝑥
𝑗
) = (𝑥

𝑖
⋅ 𝑥
𝑗
+ 1)

𝑑

,
(4)

𝑘 (𝑥
𝑖
, 𝑥
𝑗
) = exp(

(−







𝑥
𝑖
− 𝑥
𝑗







)

2𝜎

2
) , (5)

𝑘 (𝑥
𝑖
, 𝑥
𝑗
) = tanh ((𝑥

𝑖
⋅ 𝑥
𝑗
) + 𝑏) . (6)

(4) Calculate the eigenvalues 𝜆 and the corresponding
eigenvectors ] of the normalized kernel matrix K

𝑛
.

One has

𝑚𝜆] = K
𝑛
]. (7)

(5) Normalize eigenvectors, select the first 𝑑 ≤ 𝑛
eigenvectors, and generate the new data matrix.

The second category to determine the principal compo-
nent vectors is based on the data method. SPCA falls into
this category [16]. Compared with the matrix-based meth-
ods, the numerical methods can reduce the computational
complexity, especially when the dimension of the dataset
increases. In SPCA, a data oriented method is adopted to
approximate the principal components instead of explicitly
calculating the eigenvectors based on the covariance matrix.
In addition, SPCA uses a Hebbian-learning-like algorithm
to adapt the learning parameters dynamically and quickly
find eigenvectors, but avoids the learning parameter tuning
problem of the Hebbian learning rule [16]. The procedure of
SPCA can be described in Figure 2 and as follows.

(1) Use 𝑥
𝑖
to represent the 𝑖th sample for the original 𝑛-

dimensional dataset, 𝑖 = 1, 2, . . . , 𝑚.
(2) Subtract off the mean of each measurement type.
(3) Initialize an 𝑛-dimensional vector 𝑒0

𝑘
, where 𝑘 =

1, 2, . . . , 𝑑.
(4) Calculate the 𝑘th principal component vector 𝑒

𝑘

based on the following equations:

𝑦
𝑖
=

1






𝑒

𝑖−1

𝑘






(𝑒

𝑖−1

𝑘
)

𝑇

𝑥
𝑖
. (8)

The purpose of (8) is to map the 𝑖th sample using
the latest 𝑘th principal component vector. So 𝑦

𝑖
is the

projection in the direction of 𝑘th principal compo-
nent vector. It can also be viewed as the “similarity”
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Figure 2: SPCA algorithm procedure.

between the 𝑖th sample vector and the latest 𝑘th
principal component vector. One has

𝜙 (𝑦
𝑖
, 𝑥
𝑖
) = 𝑦
𝑖
𝑥
𝑖
. (9)

In order to calculate the change of the 𝑘th principal
component vector, a Hebbian term 𝜙(𝑦

𝑖
, 𝑥
𝑖
) is defined

in (9). It can be found that the larger 𝑦
𝑖
is, the more

influential the 𝑖th sample will be in determining the
𝑘th principal component vector. Consider

𝑒

𝑖

𝑘
=

∑
𝑖
𝜙 (𝑦
𝑖
, 𝑥
𝑖
)






∑
𝑖
𝜙 (𝑦
𝑖
, 𝑥
𝑖
)






. (10)

Then in (10), the latest 𝑘th principal component
vector 𝑒𝑖

𝑘
can be obtained by normalization. The (𝑖 +

1)th sample will be used to update the 𝑘th principal
component vector to 𝑒𝑖+1

𝑘
.

(5) Up to this point, the 𝑘th principal component vector
has been obtained after using all 𝑚 samples in the
𝑘th iteration. In order to find the (𝑘 + 1)th principal
component vector, the following equation has to be
used for all data samples to remove the effect of the
𝑘th principal component, so as to avoid being found
again:

𝑥



𝑖
= 𝑥
𝑖
− (𝑒

𝑇

𝑘
𝑥
𝑖
) 𝑒
𝑘
. (11)

(6) Repeat Steps 3–5 until𝑑 (𝑑 ≤ 𝑛) principal component
vectors have been obtained. Figure 3 illustrates the
graphical steps to find the first principal component
vector in SPCA algorithm.
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Figure 3: SPCA algorithm procedure. (a) Data distribution with
an initialized approximate principal component vector; (b) a better
approximate principal component vector has been found; and (c)
the real first principal component vector of this data distribution is
given.

3.2. Dimension Reduction Algorithm Complexity. The com-
putational speed of PCA, SPCA, and KPCA depends on
the dimensionality of the feature space. However, it is also
affected by different attributes of the input matrix or vectors.
For instance, if the objective is to find 𝑑 (𝑑 ≤ 𝑛) principal
components in an 𝑛-dimensional matrix with 𝑚 samples
using PCA, the time complexity for singular value decompo-
sition (SVD) or Householder-QR technique is 𝑂(𝑚𝑛2 + 𝑛3)
and for utilizing Hotelling’s power method, it is 𝑂(𝑚𝑛2 +
𝑑𝑛

2
). Additionally, the computation of KPCA realized by

calculating eigenvectors involves a time complexity of𝑂(𝑚3)
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Figure 4: Computational time by: (a) SPCA, (b) PCA, and (c) KPCA.

[21], and the time complexity for SPCA is𝑂(𝑑𝑚𝑛) by looking
into its computational steps. It can be concluded that the time
complexity for PCA increases more dramatically than that of
SPCA when the data dimension 𝑛 gets larger. For KPCA, its
calculation speed is slow if the data sample number is large.
As a result, implementing PCA or KPCA on large datasets is
prohibitively time expensive.

Further, how these variables, that is, target dimension-
ality, the target number of principal components 𝑑, sample
number (𝑚), or data matrix dimension (𝑛), influence the
time complexity can be studied. PCA, SPCA, and KPCA are
applied to a datamatrix with randomly generated numbers to
study the different computational speeds by changing the row
number and the column number from an initial number 100
up to 1000 with an increment of 100 for each step. Figure 4

shows computational speeds for different sizes of the input
matrix for PCA, SPCA, and KPCA, respectively.

It can be seen from Figure 4 that the advantage of the
computational speed of SPCA gets more apparent when the
size of thematrix becomes larger. Its time cost increasesmuch
slower than the other two methods do. The computational
speed of SPCA is mainly affected by the sample number 𝑚,
while dimension number 𝑛 becomes a relatively minor factor,
which can be explained by the data-oriented procedure of
SPCA. Furthermore, its computational cost is low even when
the size of data matrix is very large. Taking the 1000-by-
1000 data matrix as an example, the computational time of
SPCA is 0.2646 s. It is reduced by 97.8% and 98.4% when
compared with PCA (13.110 s) and KPCA (15.957 s), respec-
tively. Similarly, the sample number 𝑚 is the major factor
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for KPCA in terms of computational speed. Nonetheless,
the computational consumption becomes prohibitively high
with the growing sample number 𝑚, and it will exceed the
consumption of PCA. On the contrary, the computational
speed of PCA is determined by the smaller number between
row size and column size. For example, if there is an 𝑛-
dimensional data matrix with 𝑚 samples (𝑚 > 𝑛), then
𝑛 will be the key factor influencing PCA’s computational
speed. This can be verified by looking into the mathematical
steps of PCA, an 𝑛-by-𝑛 matrix is utilized to calculate the
eigenvalues. What’s more, the computational time of PCA
rises exponentially with the growth of 𝑛 and will be very slow
if 𝑛 is a large number.

3.3. Online Adaptive Diagnosis Potential of SPCA. For most
online monitoring cases, it is desired to find the principal
component vectors accurately and quickly with as little
computational consumption as possible. However, PCA, as
well as KPCA, usually needs all of the data samples to
calculate the principal component vectors. Therefore, the
computational speed will be very slow when the dataset size
is large. This may result in the delay of data processing and
significantly weaken the applicability of online analysis.

As previously mentioned, SPCA adopts a data-oriented
method to calculate principal component vectors.Thus, it can
update the principal component vectors at every iteration,
which enables it to utilize the most recent principal compo-
nent vectors when new data samples come in. This means,
it is only necessary to store the latest principal component
vectors and discard old data samples instead of saving all
data samples to calculate the principal component vectors.
As a result, both hardware storage and computational con-
sumption will be saved in embedded systems. Moreover, in
some situations where the machine starts to degrade, people
may not have the failure data to train the model and use it
to detect the degradation or unknown faults quickly, because
the principal components vectors are calculated in normal
operating conditions. The principal components trained by
only normal status data may blur or mislead the clustering
results in these cases. To solve it, another way is to train PCA
orKPCA frequently to acquire the latest principal component
vectors, which is time consuming whenever new data sample
comes in and requires a lot of memory to store all the
history data.This property of PCA and KPCAwill slow down
the calculation and may quickly exhaust the computational
resources of some embedded systems. Compared with PCA
and KPCA, SPCA can always process the new data sample
to update the previous-latest principal components. Then, in
case new incoming data from some unknown faults is fed
into the CBM system, the adaptability of SPCA may help to
achieve accurate classification results as well as to identify the
new features of the failure status that deviate from the cluster
of the normal conditions. It will be shown that this deviation
can be viewed as an abnormality or fault indicator by using
SPCA instead of PCA and KPCA.

3.4. Offline Approach Validation. Before a real online embed-
ded implementation, the proposed approach is applied in

a fault-seeded bearing test. The vibration dataset used in this
work is acquired from a standard rolling element bearing
test [22] which has been studied by many researchers [6, 23–
25]. The vibration data was acquired by accelerometers at the
sampling frequency of 12 KHz. The type of test bearings was
the deep groove ball bearing 6205-2RS JEM SKF. During the
test, the rotation speed was about 30Hz (1800 rpm) under
different loads (0, 0.75, 1.49 and 2.24KW).

There are 985 data samples in total from the normal and
the fault-seeded bearings. Each data sample has 2048 data
points. Among the datasets, there are 276 from the normal
conditions, and the rest of 709 samples are of faulty conditions
(237 inner race fault samples, 236 outer race fault samples,
and 236 ball fault samples). Faults are introduced into either
the inner raceways or the outer raceways of the drive-end
bearings by the electric discharge machining method. The
diameter of the faults is 0.1778mmwith depth of 0.2794mm.

The second-generation wavelet packet decomposition is
used to extract the energy features in the time-frequency
domain [6, 26]. Basically, the second generation wavelet
transform uses a general construction of the lifting scheme
which has three major advantages (1) the fully in-place
calculation of wavelet transforms, (2) no requirement for
auxiliary memory, and (3) a faster implementation of the
wavelet transform [27, 28].

Considering the rotation speed is about 30Hz and the
sampling rate is 12 KHz in this experiment, the decompo-
sition level is chosen to be 7 so that the whole frequency
space can be equally divided into 128 intervals. Therefore,
the distance between centers of adjacent frequency spans is
46.875Hz which is close to the normal operating frequency.
Thus, the 7-level decomposition of the lifting-based biorthog-
onal wavelet packet transform is applied to map the raw
signals into the wavelet domain, where the packet energy of
each decomposition node is calculated and then normalized
by the z-score method.Thus, a large matrix of wavelet packet
energy for normal condition and three faulty conditions is
obtained. The obtained feature space has 128 dimensions.

The datasets are divided into the training sets and the
testing sets through a random cross-validation process; 50%
of the datasets are used as a training dataset to calculate the
principal components. Standard PCA, KPCA, and SPCA are
applied to the training dataset, respectively. The result is the
product of whole datasets and principal component vectors.
For the purpose of visualization, the fault classification results
have been plotted (see Figure 5).

It can be seen from Figure 5 that the gaps between each
two data clusters are all clear for the applied methods, which
indicate that the normal dataset and the three fault datasets
can be easily classified. Secondly, the normal datasets scatter
much more centralized than the faulty datasets do in the
plots of PCA and SPCA, which may reveal an increasing
unstableness of the faulty conditions. In addition, as PCA
and SPCA share the same objective equations, although with
different ways to calculate the principal components, the
shapes of the dataset distributions are similar. The distribu-
tion shape of the dataset projected by using KPCA is quite
different from those done by PCA and SPCA because of its
nonlinear property. All the previously mentioned dimension
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Figure 5: Bearing faults classification. (a) Bearing faults classifica-
tion using PCA, (b) bearing faults classification using SPCA, and (c)
bearing faults classification using KPCA.

reduction algorithms are effective for the rolling element
bearing diagnosis within a 2-dimensional feature space. In
other words, 98.44% of redundant data has been eliminated,
that is, from 128 dimensions to only 2 dimensions.

3.4.1. Study on Computational Speed for Online Purpose.
For a better implementation in online applications, the
computational speed of dimension reduction for different
data dimensions regarding the scale or size of the inputmatrix
is studied.The feature dimensionality is adjusted by changing
the wavelet decomposition level. The results of processing
the training dataset are shown in Table 1. To understand
how computational time varies intuitively based on the
adjustment of wavelet decomposition level, the comparison
among the computational time of PCA, SPCA, and KPCA is
shown in Figure 6 as follows.

The observations are:

(1) As wavelet decomposition level changes incremen-
tally, the dimensionality accordingly increases. The
sample number remains constant. The increase in
computational time of SPCA when dealing with 32-
dimensional and 512-dimentional data is 27.83%; For
PCA, the increase in the time consumption is 7600%;
and for KPCA, it is 54.23%. It can be seen that
the increase in time consumption of SPCA is much
smaller than that of PCA and KPCA.

(2) Although the computational time for PCA is smaller
than that of SPCA when the wavelet decomposition
levels are 5, 6, and 7, its speed decreases exponentially
with the growing feature dimensionality due to the
wavelet decomposition levels increasing to 8 and 9,
and quickly goes far beyond the time consumption

Table 1:The computational speed of different size of data matrix for
493 feature points.

Wavelet decomposition level 5 6 7 8 9
Feature dimensionality 32 64 128 256 512
SPCA time cost (s) 0.097 0.100 0.104 0.111 0.124
PCA time cost (s) 0.013 0.017 0.041 0.219 1.001
KPCA time cost (s) 0.922 0.946 0.985 1.194 1.422

5 6 7 8 9
0

0.2
0.4
0.6
0.8

1
1.2
1.4
1.6
1.8

Wavelet decomposition level
Ti

m
e (

s)

Computational time comparison

SPCA
PCA
KPCA

Figure 6: The computational time for different wavelet decomposi-
tion level (the larger the number wavelet decomposition level is, the
higher the dimensionality of the feature space is.)

of SPCA, which corresponds with what has been
discussed in Section 3.2.

(3) The computational time of KPCA is usually much
more than those of PCA and SPCA, which indicates
that KPCA is not quite suitable for an online appli-
cation that requires a reasonably quick response time
to process the data. On the contrary, SPCA can save
computational time, especially for large dimensional
feature sets, which may entitle SPCA as a sound
option of dimension reduction technique to solve
the bottleneck problem due to limited computational
resources in online applications.

3.4.2. Study on Adaptability for Online Purpose. In many
scenarios of real world condition-monitoring applications,
the machine runs normally for a long time after it is installed
in a manufacturing line. The critical equipment must be
regularly maintained to reliably work in its normal status,
which means people often lack the data from the faulty
status. For this kind of scenario, it is reasonable to assume
that the diagnosis algorithms can be trained by only the
dataset from the normal status in many cases. Due to the
lack of the faulty information, the adaptability is required
for the online applications. Therefore, it is necessary to study
the adaptability of the algorithms in order to deal with the
unknown faults. In this paper, PCA and SPCA are compared
by the following procedure.
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Figure 7: (a) Bearing normal and inner race fault classification using
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Figure 8: (a) Bearing normal and outer race fault classification using
PCA. (b) Bearing normal and outer race fault classification using
SPCA.

Step 1. Assume that only the data from the normal status of
the machine can be obtained in the initiate operation stage.
Thus, the PCA and the SPCA are trained by the dataset of the
normal status.

Step 2. Assume that the three seeded fault types (inner race
fault, outer race fault, and ball fault) are unknown abnormal
statuses, whichwill occur after the normal status, respectively.
Thus, the principal component vectors trained in Step 1 will
be applied to the unknown abnormal statuses.
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Figure 9: (a) Bearing normal and ball fault classification using PCA.
(b) Bearing normal and ball fault classification using SPCA.

Table 2: Results of the correct classification rate by K-means
algorithm.

PCA SPCA
Normal and inner race fault 92.215% 100%
Normal and outer race fault 67.383% 100%
Normal and ball fault 57.617% 100%

The KPCA is not included in this comparison because of
its slow computational response asmentioned in the previous
study. The comparison experiment results of the adaptability
study are shown in Figures 7, 8, and 9.

It can be seen from Figures 7, 8, and 9 and Table 2
that when the bearing fault occurs, the normal condition
and the faulty condition can hardly be classified by applying
PCA, especially for the outer race fault and the ball fault
conditions. For the inner race fault, although there are no
obvious overlapped clusters, the correct classification rate
based on standard PCA is still lower than that based on SPCA.
Compared with PCA; the gaps between clusters of feature
points from normal and faulty conditions projected by SPCA
are much clearer. Therefore, it can be seen that the proposed
approach can not only effectively reduce the dimensionality
of the feature space, but also adaptively separate the normal
condition and the unknown faulty conditions by updating the
trained principal component vectors when new data comes
in.

4. Online Embedded Case Study for
Imbalanced Shaft Diagnosis

4.1. Experiment Setup. In this case study, a test rig consisting
of a rotating shaft is used for the purpose of validating the
advantages of the proposed approach in online embedded
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Figure 10: Test rig for shaft vibration data acquisition.
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Figure 11: The schematic description of the test rig.

CBMapplications (see Figures 10 and 11).This test rig consists
of a shaft connected to a three-phase industrial motor, a disk
attached in the middle of the shaft, two bearings to hold the
shaft on each side, and a controller used to set the rotation
speed of the shaft. The imbalanced shaft fault can be induced
by putting screws into the disk. An accelerometer is mounted
on one side of the bearing houses to collect the vibration data.

The condition monitoring algorithms are deployed on
an embedded system, which consists of an NI cRIO-9004
real-time controller of 64MB DRAM, 512MB compact flash,
and an NI cRIO-9104 reconfigurable chassis with an NI
9234 IEPE vibration signal collectionmodule.The algorithms
are compiled to an FPGA executable LabVIEW program to
analyze the data acquired by the NI 9234 module and the
accelerometer. The data sampling rate is set at 5120Hz, and
the rotation speed of the shaft is set at 20Hz (1200 rpm). The
embedded system is connected to a computer for displaying
the results of real-time monitoring after data processing is
finished.

4.2. Study on Online Embedded Computational Speed. The
data processing procedure is the same as the procedure
described in the previous case study. The computational
speed values of PCA and SPCA are compared by analyzing
the matrix of the features of the wavelet packet coefficient
energies. Different wavelet packet decomposition levels are
tried from 5 to 10. The experiment is implemented on
500 feature points. There are 2048 vibration data samples
processed for each feature point. The results are shown in
Table 3.

With the increase of wavelet decomposition level, it can
be seen that SPCA deployed on the embedded system is
still able to reduce the feature dimensionality with lim-
ited computational resources when data dimensionality gets

Table 3: Computational speed of different feature dimensionality in
the embedded system.

Wavelet decomposition
level 5 6 7 8 9 10

Feature dimensionality 32 64 128 256 512 1024
SPCA time cost (s) 0.162 0.275 0.477 0.913 1.767 3.636
PCA time cost (s) 0.376 1.249 5.640 32.787 N/A N/A

higher. Nevertheless, the computational time for PCA goes
up exponentially again with increasing dimensionality of
the feature vectors when the wavelet packet decomposition
level changes from 5 to 8. Out-of-memory errors occur on
the embedded system when the wavelet decomposition level
further increases to 9 and 10, which makes the results not
available (N/A). Further, if Table 3 is compared with Table 1,
efficiency of SPCA becomes muchmore outstanding in a real
online embedded implementation, while the usage of PCA
can result in a long delay or even breakdown which will
weaken the significance of online data processing and timely
decision making.

4.3. Study on Adaptability for Online Embedded Applica-
tion. Besides the scenario of limited online computational
resources for the embedded system, another online sce-
nario is lacking the faulty information when the diagnosis
algorithm is deployed and applied, which means that the
adaptability for an unknown faulty status is required. An
online analysis scenario is assumed that people are unaware
of the coming faults (to be induced) in the beginning when
the algorithms are deployed on the embedded system. Thus,
the principal component vectors of standard PCA and SPCA
are trained by the normal condition and applied to all the
new incoming data, including from the normal and the faulty
statuses. The detailed procedure is shown as follows.

(1) Collect and process the data from normal shaft, and
train the principal component vectors using standard
PCA and SPCA.

(2) Induce the imbalanced shaft fault by putting screws
into the disk.

(3) Collect and process the data from the faulty shaft, and
reduce its dimensionality using the trained principal
component vectors.

(4) Visualize the projected feature points of both normal
and faulty conditions.

Considering the rotation speed is about 20Hz and the
sampling rate is 5.12 KHz in the experiment, the decomposi-
tion level is chosen to be 7 so that the whole frequency space
can be equally divided into 128 intervals, ofwhich the distance
between centers of adjacent frequency spans is 20Hzwhich is
the same as the normal operating frequency.The test has been
run ten times for the purpose of validation.The screenshots of
the visualization step during one of the ten tests are shown in
Figures 12 and 13. The separation between the normal cluster
and the faulty cluster mapped by SPCA is much clearer than
that mapped by standard PCA.
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Figure 12: Online shaft diagnosis using PCA.
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Table 4: The confusion matrix for PCA.

PCA Predicted class
Classification accuracy = 59.00% Normal Imbalanced

Actual class Normal 139 61
Imbalanced 62 38

To find out quantitative classification accuracy for each
online analysis scenario, K-means clustering algorithm is
used to cluster the feature points from normal and imbal-
anced faulty statuses, and the diagnosis accuracy in one of
the tests is shown in confusion matrices in Tables 4 and 5.
The average accuracies for all the tests are 89.80% for SPCA

Table 5: The confusion matrix for SPCA.

SPCA Predicted class
Classification accuracy = 90.33% Normal Imbalanced

Actual class Normal 183 19
Imbalanced 10 88

and 60.80% for standard PCA, respectively. The reason why
SPCA can detect the faulty condition with better accuracy
than standard PCA in online analysis scenario is because
it can utilize the previous principal component vectors and
update them adaptively when new data comes in instead
of using all data samples to calculate principal component
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vectors again. Therefore, the proposed approach could not
only save computational resources and data storage space,
but also improve the machine fault diagnosis efficiency and
accuracy in online embedded CBM applications.

5. Conclusion and Future Work

The paper proposes a computationally efficient and adaptive
approach which includes SPCA for feature dimensionality
reduction and intelligent K-means clustering for online
machine faults diagnosis. The approach is applied to an
offline rolling element bearing fault diagnosis test and an
online embedded imbalanced shaft fault diagnosis applica-
tion. While it has been demonstrated that the proposed
approach is effective in both applications, it is also validated
despite the computational constraints which can be easily
neglected in simulated online applications. Results show
that the proposed approach runs much faster and is more
memory saving for high dimensional datasets and has better
adaptability to identify the new unknown abnormal or faulty
conditions.

In summary, it can be concluded that the proposed
approach is a suitable method for online embedded machin-
ery diagnosis applications in harsh environments. Also, a
further study will be conducted on some possible ways to
realize machine failure mode identification and remaining
useful life prediction in the future.
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The large generator faults are mostly from the stator insulation, which is aged by exposure to a combination of thermal, electrical,
mechanical, and harsh environment stresses. Condition evaluation of stator insulation is an important measure of ensuring the
safe operation and extending the remaining life of large generator. In this paper, a diagnosis method based on the partial discharge
(PD) measurement was used for the condition evaluation of the stator insulation. The statistical parameters of partial discharge
phase resolved distribution were proposed to assess the aging condition of stator insulation. A partial least square (PLS) approach
was used to explore and extract relationships between the statistical parameters of partial discharge distribution with physical
properties and performance such as electrical breakdown strength. Results of the PD testing and statistical analysis show that the
statistical parameter Sk extent of partial discharge distribution changes much more remarkably with the aging time than do the
other parameters.The statistical parameter Sk can be considered as a potential indicator of stator insulation aging.ThePLS approach
can effectively assess the stator insulation aging condition and can provide a predictive capability for the stator insulation diagnosis.

1. Introduction

Stator winding is a main component of high-voltage (HV)
rotating machines (generators and large motors). Stator
insulation failure of HV rotating machine can result in
catastrophic damages to the equipment, loss or derating of
power output, lengthy forced outages, and heavy costs to the
utility. A large number of HV rotating machines failed due to
stator winding problems, especially insulation deterioration.
Electrical, mechanical, thermal, and environmental stresses
remain major factors for the insulation degradation and
accelerated aging [1]. These stresses impose, individually and
in a collective manner, degradation of the stator winding
insulation. It has been shown that the stator winding insu-
lation is also one of the most vulnerable components used
in an HV rotating machine. Surveys published in [2–4] show
that about 30–40% of rotating machine failures are initiated
from problems in the stator insulation. Further, a recent
survey published in [5] shows that the percentage of stator
related failures is about 60–70% for HV rotating machines.
The reliability of rotating machines is almost defined by the
condition of the stator winding insulation. Therefore, stator

insulation condition assessment is a vital step for the purpose
of estimating residual life and reliability of rotating machine,
and there has been a lot of effort in identifying the causes of
stator insulation degradation and failure andfindingmethods
for assessing the condition of stator insulation systems in the
past decades [6].

Historically, several conventional methods and parame-
ters for assessing the high-voltage insulation condition have
been proposed in the literature, such as measurements of
insulation resistance (IR) and polarization index (PI), recov-
ery voltage and ramped-DC voltage, capacitance (C) and
dissipation factor (tan 𝛿), AC and DC hipot tests, and partial
discharge tests, as suggested in some standards [6–10]. All
these traditionalmethods are complementary but incomplete
and, on the other hand, the nondestructive parameters used
to evaluate the condition of stator winding insulation are still
controversial [11]. Therefore, it is necessary to find the sensi-
tive parameters and develop some new assessment methods
for the deterioration condition indication and assessment of
stator winding insulation.

Generally, there are two kinds of methods to assess the
condition of stator winding insulation, which are the direct
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method and the indirect method. A direct measure of the
integrity of an insulation system may be the breakdown
strength under Ac stress, as determined through destructive
testing, which damages the winding and makes the machine
unserviceable. An indirect measure of an insulation system
may be nondestructive diagnostic tests, after which the
insulation remains serviceable. However, the credibility in
estimating the insulation’s condition using these nondestruc-
tive tests should bewell correlated to the results of breakdown
tests.

In order to check aging symptoms and correlation factors,
such as electrical diagnostic parameters, partial discharge
(PD) measurement test was employed to assess the condition
of stator insulation in this paper. Several statistical parameters
of phase resolved PD distribution, called fingerprint param-
eters, were proposed. A partial least square (PLS) statistical
approach was used to investigate the correlation between
the breakdown strength and the PD fingerprint parameters,
which is also used to assess the insulation condition assess-
ment of large generator stator winding. The effectiveness of
this method was verified by the test results of generator stator
bars.

This paper is organized as follows. Section 2 introduces
the stator bar experimental specimens and accelerated aging
model used in this study. Section 3 describes the param-
eters test for the condition estimation of large generator
stator insulation. The characteristics of PD distributions
are analyzed and the results are shown in Section 4. And
subsequently, Section 5 discusses some experimental results.
Finally, Section 6 provides a conclusion.

2. Stator Bar Specimens and
Accelerated Aging Model

The insulation of the model stator bars was made of
epoxy/mica resin rich with the thickness of 3.5mm, and the
conductor of model bars was made of aluminum with the
length of 1200mm. The structure of the stator bar is shown
as Figure 1.

To study the characteristic parameters and aging regula-
tions of stator bar, themodel stator bars were used to perform
the accelerating aging test in laboratory. Asmentioned above,
several stresses were imposed to stator bar insulation in
operation. According to IEEE Std.275, thermal, mechani-
cal vibration and environmental stresses were applied in
sequence. Considering the aging process of stator bar during
the real operation of large generator, a combined multistress
test model was proposed, as shown in Figure 2.The electrical,
thermal, and mechanical vibration stresses were imposed on
stator bars simultaneously.

The acceleration aging tests were conducted on model
stator bars at various stress levels for model bar simul-
taneity. Various stress levels were designed as: (a) electrical
stress: aging electrical field intensity is 6.5 kV/mm and aging
voltage is 22.75 kV; (b) thermal stress: aging temperature is
180∘C; (c) mechanical stress: vibration frequency is 100Hz
and vibration extent is 1000 𝜇m. In order to measure the
nondestructive parameters, the insulation surface of ends of

the model bar specimens was coated with silicone carbide
paint to suppress corona for application of electrical stress. As
shown in Figure 1, themiddle three sections of stator bar were
used to measure dielectric loss parameters tan 𝛿 and Δtan 𝛿.
The two ends of stator bar were used for the measurement of
PD.

3. Parameters Measurement

In this study, PD measurement was performed after every
aging cycle. Some PD parameters were employed to assess
the condition of stator insulation under multistress aging.
Breakdown voltage (VBD) test was performed on all spec-
imens throughout the whole aging period to determine
the remaining VBD after obtaining the PD parameters. In
this way, the dielectric properties of ground wall insulation
degradation with aging time could be obtained from every
nondestructive measurement. The relation between the non-
destructive parameters and the VBD could be studied based
on the final measurement.

3.1. PDMeasurement. In order to acquire the PD experimen-
tal data, the PDmeasurement systemwas proposed, as shown
in Figure 3.

All the instruments were placed in a shielding room
shown in the dashed frame.ThePD analyzer and oscilloscope
were connected to the measuring impedance through a
high-frequency coaxial cable with characteristic impedance
of 50Ω. The PD measuring system is calibrated for each
specimen before measurement by a standard calibrator man-
ufactured by HAEFELY TRENCH.

3.2. AC Destructive Test. AC destructive experiment was
performed to detect withstanding voltage ability of the stator
bars. The specimens were broken down after each aging
cycle in order to acquire the relation between the breakdown
voltage (VBD) and the aging time. All breakdown tests
were conducted according to the related IEC standard. The
number of samples reduced gradually after each aging cycle
due to breakdown, and the multistress accelerating aging
finished after all samples were broken down. The test results
demonstrated that the breakdown site was mainly located
at the edge of the stator bar. The electrical, thermal, and
mechanical stresses were the most severe at the edge of
bar during the multistress accelerating aging, where the
electrical fieldwas also the highest during the breakdown test.
Therefore, almost all the samples were broken down at their
edges.

4. Measurement Analysis and Results

The characteristics of PD and PD detection techniques have
gained popularity in the past years, which is now considered
as one of the most useful diagnostic tools for generators.
Efforts have been made in the course of years to relate PD
magnitude, energy, and other parameters to insulation dam-
age. Understanding the mechanisms of PD and degradation
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of insulating materials is important to improve the reliability
of diagnosis.

In recent years, advancement of computer hardware and
pattern recognition techniques has provided automation and
improvement of the PD interpretation process. As a result of
the computer-aided processing [12, 13], massive amounts of
PD measurements can be interpreted efficiently and reliably
[14, 15].Thewell-known pattern recognitionmethods applied
to PD analysis are expert systems, neural networks, fuzzy
classifiers, fractalmodels, statisticalmethods, and others [16].
Phase resolved plots directly reflect the pulses distribution
properties of PD. Phase resolved PD analysis results were
obtained and reported in this section. The PD statistical
parameters are also noted in this study for PD diagnosis.

4.1. Phase Resolved PD Analysis. PD is a complex physical
phenomenon, in which discharges are involved in electrically

weak regions of solid insulation materials. Much work has
been done to understand and describe the nature of PD
phenomena. In order to obtain meaningful data for pattern
recognition, it is necessary to acquire the fingerprints of
the PD signals under well-defined conditions for which the
cause of PD is known. For many years, PD recognition was
performed by visual examination, namely, on an oscilloscope
screen. In recent years, the use of computer-aided processing
technique has facilitated the automation of the recognition
task. Phase resolved partial discharge (PRPD) measurement
systems Especially have become very popular [17].

In phase-resolved PD measurement data, PD pulses are
grouped by their phase angle with respect to power frequency
sine wave. Consequently, the voltage cycles are divided into
phase windows representing the phase angle axis (0 to 360∘).
The test voltage is to be held constant and the voltage
phase angle is divided into a suitable number of small bins
or windows. The digital PD detector is used to collect all
the individual quasi-integrated pulses and quantifying each
of these PD pulses by their discharge magnitude (𝑞), the
corresponding phase angle, or discharge epoch (𝜑), at which
they occur and their number densities or discharge rates (𝑛)
over some chosen interval of time.The analysis software plots
these data either as univariate distributions (functions of the
phase positions 𝜑) or as a bivariate distribution (such as 𝜑-
𝑞-𝑛 plots). By taking appropriate averages of these statistical
distributions, the observed PDpatterns throughout thewhole
phase angle axis result in two-or three-dimensional patterns
[18].Themain distributions, being function of the phase angle
𝜑, are as follows. (a) Maximum pulse height phase resolved
distribution𝐻

𝑞max(𝜑) and the pulse count distribution𝐻
𝑛
(𝜑)

that represents the number of the observed discharges in each
phase window as a function of the phase angle. (b)The mean
pulse height distribution𝐻

𝑞𝑛
(𝜑) which represents the average

amplitude in each phase window as a function of the phase
angle. 𝐻

𝑞𝑛
(𝜑) is derived from the total discharge amount in

each phase window divided by the number of discharges in
the same phase window.

Because of the phase-dependent behavior of PD gen-
erated under ac voltages conditions, several quantities as
function of the phase angle can be used to describe the
PD phenomena. The shapes of 𝐻

𝑞max(𝜑), 𝐻
𝑞𝑛
(𝜑), 𝐻

𝑛
(𝜑),

and three-dimensional distribution 𝐻
𝑛
(𝜑,𝑞) changed with

aging time. These distributions have characteristic shapes,
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which vary with the type of the defects [19]. Experience has
shown that the shape belonging to the positive half of the
HV sine wave differs much from that of the negative half, so
that their characteristic shapes are available for recognition
purposes.

In fact, regardless of whether the recognition process is
performed by a computer system or experts, standard PD
analyses usually apply phase resolved PD pulse height and
phase of occurrence distribution to extract information about
the characteristics of defects, as well as PD induced aging
of the insulating materials [17]. However, it is difficult to
describe the changes in deterioration of specimen insulation
quantitatively with them.Therefore, authorsmake an attempt
to introduce statistical parameters for analyzing the aging
extent of insulation.

4.2. Statistical Parameters Analysis. The profiles of𝐻
𝑞max(𝜑),

𝐻
𝑛
(𝜑), and 𝐻

𝑞𝑛
(𝜑) characteristics provide information of

defects in insulation, in which partial discharges happen.
In theory, the shapes of 𝐻

𝑞max(𝜑), 𝐻
𝑛
(𝜑), and 𝐻

𝑞𝑛
(𝜑)

distributions can be used to classify discharges, either by
recognizing them by eye or by observing them with pattern
classifying approach. However, a more distinctive method
has been based on the application of PD statistical param-
eters (operators). The term “operator” is used in this paper
to denote mathematical descriptions or parameters. These
statistical parameters (operators) are nothing more than the
mathematical concepts according to the definitions in [18]
and there is no relation to the test condition. These statistical
parameters (operators) have been proved to be effective for
PD analysis [19], especially for detecting the kind of defect or
treeing [20]. In this approach, several aspects of the shape of
the distributions are described by mathematical functions, as
shown in the following.

The first operator is skewness Sk, which describes the
asymmetry of a distribution with respect to a normal distri-
bution. Sk = 0 means symmetric, Sk > 0 means asymmetric
with the left side large, and Sk < 0 means asymmetric with
larger right side. Sk is defined as

Sk =

∑

𝑁

𝑖=1
(𝑞
𝑖
− 𝜇)

3

𝑝
𝑖

𝜎

3
∑

𝑁

𝑖=1
𝑝
𝑖

, (1)

where 𝑞
𝑖
is the recorded PD value and 𝑝

𝑖
the probability of

frequency of appearance for that value 𝑞
𝑖
in time window 𝑖,

𝜇 is the mean 𝜇 = ∑𝑞
𝑖
⋅ 𝑝
𝑖
/∑𝑝
𝑖
, and 𝜎 is calculated by the

variance 𝜎2 = ∑(𝑞
𝑖
− 𝜇)

2
⋅ 𝑝
𝑖
/∑𝑝
𝑖
.

Ku indicates increased sharpness or the amount of con-
centration of the distribution with respect to the normal
distribution. Ku = 0 means a normal distribution, Ku >

0 means a sharp distribution, and Ku < 0 means a flat
distribution. Ku is defined as

Ku =

∑

𝑁

𝑖=1
(𝑞
𝑖
− 𝜇)

4

𝑝
𝑖

𝜎

4
∑

𝑁

𝑖=1
𝑝
𝑖

− 3, (2)

𝐶c is used to evaluate the difference in shape between the
distributions both in the positive and negative half cycles.
𝐶c = 1means 100% shape symmetry and, on the other hand,
𝐶c = 0means total asymmetry.The following formula is used
to calculate the 𝐶c:

𝐶𝑐 =
∑
𝑁

𝑖=1
𝑞
+

𝑖
𝑞
−

𝑖
− ∑
𝑁

𝑖=1
𝑞
+

𝑖
∑
𝑁

𝑖=1
𝑞
−

𝑖
/𝑁

√[∑
𝑁

𝑖=1
(𝑞
+

𝑖
)
2

− (∑
𝑁

𝑖=1
𝑞
+

𝑖
)
2

/𝑁] [∑
𝑁

𝑖=1
(𝑞
−

𝑖
)
2

− (∑
𝑁

𝑖=1
𝑞
−

𝑖
)
2

/𝑁]

, (3)

where 𝑞+
𝑖
and 𝑞

−

𝑖
are themean dischargemagnitude in 𝑖 phase

window in positive and negative half cycles, respectively, and
𝑁 is the number of phase window per half cycle.

The asymmetry, Asy of 𝐻
𝑞max(𝜑), 𝐻𝑛(𝜑), and 𝐻

𝑞𝑛
(𝜑) as

the quotient of the mean discharge level in the positive and
in the negative half of voltage cycle, is defined as

Asy =

𝑄

−

𝑠
/𝑁

−

𝑄

+

𝑠
/𝑁

+
, (4)

where 𝑄

+

𝑠
and 𝑄

−

𝑠
are the sum of discharges of the𝐻

𝑞max(𝜑),
𝐻
𝑛
(𝜑), and 𝐻

𝑞𝑛
(𝜑) distributions in the positive and the

negative half of the voltage cycle; 𝑁

+ and 𝑁

− are the
number of discharges of the 𝐻

𝑞max(𝜑), 𝐻𝑛(𝜑) and 𝐻
𝑞𝑛
(𝜑)

distributions in the positive or negative half of the voltage
cycle.

As aforementioned, Figures 4 and 5 show phase-position
quantities of PD happening in various stator bars insulation,
which had been conducted by multistress aging, respectively.
An interpretation of the changes of PD statistical operators is
listed in Table 1.

The test results indicate that all the specimens show the
similar changing trend with little difference, so the test data
of only one of the specimens subjected to all aging cycles are
given in Figures 4–7.

Figures 4(a) and 4(b) show the positive and negative
skewness changes of 𝐻

𝑞max(𝜑), 𝐻𝑞𝑛(𝜑), and 𝐻
𝑛
(𝜑) distribu-

tions with aging time. Each point in Figure 4 represents the
skewness obtained at rated voltages of 6.6 kV. It is evident
that the skewness decreases with the aging time no matter
in positive half cycle or in negative half cycle. The changes
of skewness of 𝐻

𝑞max(𝜑), 𝐻𝑞𝑛(𝜑), and 𝐻
𝑛
(𝜑) indicate that

the change trend of voids is from flat to narrow in ground
insulation. The 𝐻

𝑞𝑛
(𝜑) distributions of dielectric-bounded

cavities (square and flat) as well as those of electrode-
bounded cavities are characterized by positive values of
Sk. Further, 𝐻

𝑞𝑛
(𝜑) processed for multiple cavities is also

represented by positive Sk values [21].
The relations between the kurtosis of 𝐻

𝑞max(𝜑), 𝐻𝑞𝑛(𝜑),
and𝐻

𝑛
(𝜑) distributions and aging time are shown in Figure 5.

No linear correlation between the kurtosis of PDdistributions
and aging time was found. The kurtosis Ku proved to be
a good discriminator for multiple cavities [21]. Figure 5
shows that in the case of multiple cavities, the Ku value
of the𝐻

𝑞max(𝜑), 𝐻
𝑞𝑛
(𝜑), and 𝐻

𝑛
(𝜑) distribution is clearly

negative. The result is in accord with the literature [21].
Figure 6 shows the change of cross-correlation factor

of PD phase resolved distributions with aging time. It can
be seen from Figure 6 that the cross-correlation factor of
the 𝐻

𝑞max(𝜑), 𝐻
𝑞𝑛
(𝜑), and 𝐻

𝑛
(𝜑) distributions decreased
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Figure 5: Kurtosis change of phase-resolved distributions of PD.

Table 1: Changes of PD statistic operators of 𝐻
𝑞𝑛
(𝜑) distributions

during aging.

Aging time Sk+ Sk− Ku+ Ku− Asy 𝐶
𝑐

0 h 0.25 0.33 −0.62 −0.562 −0.29 0.51
1000 h 0.262 0.27 −0.711 −0.7 −0.12 0.46
2000 h 0.244 0.235 −0.743 −0.74 −0.04 0.44
3000 h 0.131 0.167 −0.765 −0.76 0.07 0.33
4000 h 0.061 0.183 −0.684 −0.68 0.01 0.41

nonmonotonously with aging time. Figure 7 indicates the
asymmetric degree of 𝐻

𝑞max(𝜑), 𝐻𝑞𝑛(𝜑), and 𝐻
𝑛
(𝜑) increase

with aging time.
These are better visible during the time that the discharges

are stable. The above mentioned characteristics may prove to
be useful for the development of a system for the diagnose of
defects in insulating constructions.

4.3. Analysis of Relationship betweenVBDand PDParameters.
Breakdown voltage (VBD) is considered to be the most
objective criterion for residual life of large generator. How-
ever, breakdown test is destructive. Recent efforts have been
directed towards the condition assessment of stator insulation
by using nondestructive insulation diagnostic measurement
data. A review of extensive research works in this area reveals
that the correlation between the nondestructive parameters
and residual life (insulation breakdown voltage) is still
controversial among researchers. As aforementioned, PD
measurement has gained popularity over the years and is
now considered as one of the most useful tools for insulation
diagnosis and aging assessment of generators. However, the
credibility in estimating the insulation’s aging condition using
PD tests should be well correlated to the results of breakdown
tests. So PD data was systematically analyzed using a partial
least square (PLS) approach in this study and the relationships
between the breakdown voltage VBD and PD data were
investigated.
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Statistical data analysis has been widely used in estab-
lishing models from experimental or historical data. Typ-
ical problems in multivariate statistical analysis are high
dimensionality and collinearity in a sparse sample data set.
The partial least squares (PLS) modeling method is one of
the most useful measures for overcoming these problems.
PLS is a multivariate statistical data analysis and regression
method, which uses projection into latent variables to reduce
high-dimensional and strongly correlated data to a much
smaller data set that can then be interpreted. Consider a
given data base X of 𝑛 observations parameterized by 𝑝

parameters and an output variable Y, in which all variables
are normalized. Only the case of a single output of 𝑛 by 1
dimension is considered in the present study despite that the
PLS regression can also be used with several output variables.
In fact, this projection method decomposes variables of
high collinearity into one-dimensional variables (input score
vector 𝑡 and output score vector 𝑢).The composition of𝑋 and
𝑌 by score vectors is formulated as follows:

𝑋 =

𝑚

∑

ℎ=1

𝑡
ℎ
𝑝

𝑇

ℎ
+ 𝐸, (5)

𝑌 =

𝑚

∑

ℎ=1

𝑢
ℎ
𝑞

𝑇

ℎ
+ 𝐹, (6)

where 𝑝 and 𝑞 are loading vectors, and 𝐸 and 𝐹 are residuals.
This relation is known as the PLS outer relation. The relation
between score vectors 𝑡

ℎ
and𝑢
ℎ
is known as the inner relation.

The problems of sparse sample data set and multicollinearity
are therefore solved effectively in regression analysis. For the
𝑚 choice, a cross validation method [22] can be applied. The
threshold of𝐸 variance can also be used as stopping criterion.

The PLS outer relation can be further expressed as

𝑋 = 𝑇𝑃

𝑇
+ 𝐸
𝑚

= 𝑡
1
𝑝

𝑇

1
+ 𝑡
2
𝑝

𝑇

2
+ ⋅ ⋅ ⋅ + 𝑡

𝑘
𝑝

𝑇

𝑘
+ 𝐸
𝑚
,

𝑌 = 𝑈𝑄

𝑇
+ 𝐹
𝑚

= 𝑢
1
𝑞

𝑇

1
+ 𝑢
2
𝑞

𝑇

2
+ ⋅ ⋅ ⋅ + 𝑢

𝑘
𝑞

𝑇

𝑘
+ 𝐹
𝑚
.

(7)

If a linear relation exists between latent variable matrices U
and T, then U=TB, where B is a diagonal matrix, termed
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Figure 7: Asy change of phase-resolved distributions of PD.

linear PLS model, detailed in [23]. In a previous nonlinear
PLS model, [22] indicated 𝑢

ℎ
= 𝑓
ℎ
(𝑡
ℎ
) + 𝑟
ℎ
, the inner relation

between score vectors 𝑡 and 𝑢 was defined as
𝑈 = 𝑓 (𝑇) + 𝑅

= [𝑓
1
(𝑡
1
) , 𝑓
2
(𝑡
2
) , . . . , 𝑓

𝑚
(𝑡
𝑚
)] + [𝑟

1
, 𝑟
2
, . . . , 𝑟

𝑚
] .

(8)

The function 𝑓(⋅) expresses a linear or nonlinear function,
detailed in [22, 24].

Over the multistress aging duration (0, 1000, 2000, 3000,
and 4000 hours), PD and destructive tests were performed
on 15 aging stator bar specimens after each aging period
and a set of data was collected and testing data is shown in
Table 2. There are six input variables and one output variable
for the analysis model. As in the aforementioned results, the
changes of statistical parameters of 𝐻

𝑞max(𝜑), 𝐻𝑞𝑛(𝜑), and
𝐻
𝑛
(𝜑) have similar trend curves with aging time. So the

statistical parameters of𝐻
𝑞𝑛
(𝜑), such as Sk+, Sk−, Ku+, Ku−,

Asy, and 𝐶c are used as the input variables in this study. The
output is the breakdown voltage VBD.

To avoid the mistakes of analysis caused by unreal
variations due to different units and/or scalar levels, a
centered-compress (standardization) method was adopted in
data preprocessing. The data set (including explanatory and
response variables) was firstly standardized by

𝑥

∗

𝑥𝑗
=

𝑥
𝑖𝑗
− 𝑥
𝑗

𝑠
𝑗

, 𝑥 =

1

𝑛

𝑛

∑

𝑖=1

𝑥
𝑖𝑗
,

𝑠

2

𝑗
=

1

𝑛 − 1

𝑛

∑

𝑖=1

(𝑥
𝑖𝑗
− 𝑥
𝑗
)

2

,

(9)

where 𝑖 = 1, . . . , 𝑛; 𝑗 = 1, . . . , 𝑝, 𝑛 are the sample
numbers, 𝑝 is the explanatory variable numbers and 𝑠

𝑗
is

the standard deviation of explanatory variable 𝑥
𝑗
. After being

standardized, the mean and variance of each variable were
equal to 0 and 1, respectively.The standardized preprocessing
data is shown in Table 3.

Based on the PLS method, the first principal component
𝑡
1
is extracted from data. The 𝑡

1
synthesizes information
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Table 2: Testing data.

No. Aging duration (hours) Sk+ Sk− Ku+ Ku− Asy 𝐶
𝑐

VBD (kV)
1 0 0.25 0.33 −0.64 −0.52 −0.15 0.51 91.3
2 1000 0.26 0.27 −0.87 −0.77 −0.12 0.55 90.95
3 2000 0.24 0.27 −0.8 −0.81 −0.04 0.47 90.56
4 3000 0.13 0.18 −0.82 −0.78 0.02 0.42 89.75
5 4000 0.06 0.12 −0.7 −0.62 −0.01 0.45 57.1
6 0 0.24 0.36 −0.62 −0.52 −0.19 0.54 92.3
7 1000 0.252 0.259 −0.78 −0.72 −0.17 0.49 91.1
8 2000 0.22 0.2 −0.82 −0.85 −0.11 0.51 90.86
9 3000 0.11 0.191 −0.86 −0.81 −0.05 0.46 89.55
10 4000 0.07 0.144 −0.68 −0.71 0.02 0.44 63.1
11 0 0.251 0.366 −0.62 −0.56 −0.17 0.52 91.5
12 1000 0.26 0.3 −0.7 −0.72 −0.06 0.48 89.97
13 2000 0.21 0.22 −0.74 −0.74 −0.02 0.41 90.96
14 3000 0.13 0.174 −0.76 −0.71 0.01 0.45 90.81
15 4000 0.058 0.131 −0.68 −0.66 0.04 0.42 56.5

Table 3: Standardization preprocessing data.

No. Sk+ Sk− Ku+ Ku− Asy 𝐶
𝑐

VBD
1 0.8446 1.1555 1.1819 1.7218 −1.0575 0.7962 0.5173
2 0.9702 0.4206 −1.5547 −0.6696 −0.6768 1.6975 0.4910
3 0.7191 0.6655 −0.7218 −1.0522 0.3384 −0.1052 0.4617
4 −0.6621 −0.6819 −0.9599 −0.7653 1.0998 −1.2318 0.4008
5 −1.5411 −1.4168 0.4680 0.7653 0.7191 −0.5558 −2.0546
6 0.7191 1.5230 1.4199 1.7218 −1.5651 1.4722 0.5925
7 0.8697 0.2858 −0.4839 −0.1913 −1.3113 0.3455 0.5023
8 0.4679 −0.4369 −0.9598 −1.4349 −0.5499 0.7962 0.4842
9 −0.9133 −0.5471 −1.4357 −1.0522 0.2115 −0.3305 0.3857
10 −1.4155 −1.1228 0.7060 −0.0957 1.0998 −0.7811 −1.6033
11 0.8572 1.5965 1.4200 1.3392 −1.3113 1.0215 0.5324
12 0.9702 0.7880 0.4680 −0.1913 0.0846 0.1202 0.4173
13 0.3424 −0.1919 −0.0079 −0.3826 0.5922 −1.4571 0.4918
14 −0.6621 −0.7554 −0.2459 −0.0957 0.9729 −0.5558 0.4805
15 −1.5662 −1.2821 0.7060 0.3826 1.3536 −1.2318 −2.0997

of PD parameters matrix 𝑋 and characterizes breakdown
voltage VBDmaximum.Three components (𝑡

1
, 𝑡
2
, and 𝑡

3
) are

extracted by these means. Various data messages of the stator
winding condition parameters are shown in Figures 8–12.

5. Discussions

The PLS is a relative new data analysis method. Graphical
analysis function of PLS is easy to understand various
data messages of PD condition parameters. The relation
between the PD parameters and breakdown voltage can
be presented by 𝑡/𝑢 plot. The fitting results of each pair
of latent variables (𝑡 and 𝑢) with the PLS inner mapping
are shown in Figure 8. In order to analyze the experiments
adequately, three components are extracted. The manner of
component extraction using the PLS method shows that
the information of 𝑡

1
extracted from raw data is maximum

(contributions rate is 54.7% by computing); score 𝑡
2
takes

second place (contributions rate is 33.7%) in comparisonwith
the contribution rate of 𝑡

3
, 7.47%. Two scores are determined

by the cross-validation method. In other words, the scores 𝑡
1

and 𝑡
2
(accumulative contributions rate is 88.4%) are enough

to relate breakdown voltage VBD of generator stator.
In Figure 8(a), 5, 10, and 15 are data samples of 4000 h

aging duration. 4, 9, and 14 are samples with 3000 h aging
duration. Figure 8 indicates that relation between the PD
parameters and breakdown voltage (VBD) is linear approx-
imately at the initial aging duration.The linear relation is not
obvious with increase of aging time (especially after 4000 h).
So the relation between the PD parameters and breakdown
voltage cannot be characterized with linear relation simply.

The 𝑤∗
1
𝑐
1
/𝑤

∗

2
𝑐
2
plot can express the correlativity between

the PD parameters 𝑋 and breakdown voltage (VBD) 𝑌. The
shorter distance stands for the better correlativity between
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the 𝑋 and 𝑌. Figure 9 indicates that there is a positive
and stronger relation between skewness Sk and breakdown
voltage VBD. This is in conformity with the experimental
results of Figure 4, which shows that the changing trend of
skewness Sk of PD distribution is sensitive and clear. The
parameter 𝐶c has negative stronger relation with VBD. Ku
and Asy are hardly related with VBD.

Moreover, PLS method computes the influence on 𝑌

(VBD) of every term (PD parameters) in the model, called
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VIP (variable importance in the projection). The VIP values
indicate the importance of terms in the model and the
correlation of the terms to all the responses. Figure 10 shows
that the effect of Sk is mostly in regression modeling and
secondly in 𝐶c and so on.

Distributing data samples can be observed easily using
𝑡
1
/𝑡
2
plot in the Hotelling’s 𝑇2 ellipse box. Figure 11 indicates
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that there are not abnormal data in experimental data. The
blue data point is most different with other data points.
Clearly, 5, 10, and 15 are data samples of 4000 h aging
duration. The breakdown voltage (VBD) of these specimens
is the lowest. Moreover, the regression coefficients of a simple
PLS fittingmodel are shown in Figure 12. Although this paper
only presents a simple regression model that is not enough
to characterize the life model of stator bar, some novel ideas
can be directed for further research work. In the near future,
we will use improved nonlinear PLS modeling method to
characterize life model by increasing aging time.

6. Conclusions

Nondestructive measurement has gained popularity and is
now considered as one of the most useful tools for insulation
diagnosis and aging assessment of generators. In order
to check aging symptoms and correlation factors such as
electrical diagnostic parameters, partial discharge (PD) mea-
surement test was employed to assess the condition of stator
insulation in this paper. The model stator bars were used to
perform the accelerating aging test. The characteristics of the
shapes of phase-resolved PD distributions were investigated.
The relationships between the breakdown voltage VBD and
PD statistical parameters data were systematically analyzed
using a partial least square (PLS) approach.

The test results indicate that the phase-resolved PD
distributions change much more remarkably with the aging
time and can be used to describe the PD phenomena. The
profiles of the phase-resolved PDdistributions characteristics
provide information about defects in insulation in which
partial discharges are taking place.

Moreover, the statistical analysis of PD distributions is
meaningful for aging-condition assessment of stator bar
insulation. It is found clearly that the statistical parameter Sk
decreases continuously with the aging time. Comparing with
Ku, Asy, and 𝐶c, the statistical parameter Sk of PD distribu-
tions ismore sensitive to the change of PDactivities occurring
in the insulation of stator bar during the aging.Therefore, the
parameter Skwould be taken as a characteristic parameter for
the aging-condition assessment of stator winding insulation.

Because a direct indicator of insulation condition is the
breakdown voltage under ac stresses, the breakdown test was
also performed after each aging cycle in order to acquire
the true aging condition. Correlation between nondestructive
test data and destructive data was analyzed by means of
PLS statistical model. The analysis results indicate that the
PD statistical parameters are correlated to the results of
breakdown tests. It is evident that the correlation coefficient
of breakdownvoltagewith the PD statistical parameter Skwas
the largest among all the correlation coefficients, which shows
that the statistical parameter Sk of PD distributions is more
suitable for the aging-condition assessment of the stator-bar
insulation than other PD statistical parameters (comparing
with Ku, Asy, and 𝐶c).

Consequently, the mentioned above PD characteristics
and PLS analysis approach may prove to be useful for the
development of a system for the condition assessment of large
generator stator insulation.
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Vibration signal of plunger pump in truck crane is a typical nonlinear, nonstationary signal, and the multifractal features are
a powerful tool for depicting the geometry features of such signals. The wavelet-leaders based multifractal features extraction
method is an attractive tool, which has solid theoretical mathematical support and a simplified calculation procedure.The wavelet-
leaders based multifractal features extraction method is compared for the original signal and the denoised signal, and the statistical
performance of the obtained features is also introduced based on block bootstrap technology. The effectiveness of the wavelet
leaders based method is first verified for a traditional multifractal signal. Then, the application of the proposed method to the
pump vibration signals of three working conditions of truck crane: lifting, rotating, and luffing is discussed. The result shows that
the geometry features of vibration signals can be obtained with wavelet leaders multifractal analysis method, and the denoising
process improves the multifractal features.

1. Introduction

In truck crane, the plunger pump is an essential apartment,
and the quality of the pump affects the performance of the
hydraulic system, even the whole equipment, directly. So, it
is very important to monitor the condition and diagnose the
fault of the pump. In order to achieve this goal, a consid-
erable research focused on the vibration signals [1, 2], and
extracting the features relevant to the mechanical conditions
is of great consequence. Mechanical vibration signal is a
typical nonlinear and unstable signal. The traditional feature
extraction methods based on linear system do often fail to
work effectively. As multifractal features can fully display the
distribution of signal’s singularities, the geometric characters
and the local scaling behaviors [3, 4], wavelet transformbased
multifractal analysis approaches, are widely used.

Recently, a new multifractal analysis method based on
wavelet leaders was proposed by Lashermes, Jaffard, and
Wendt [5–7]. Based on discrete wavelet transform (DWT),
the new method has solid theoretical mathematical support
and complicated calculation is avoided. Furthermore, it
successfully describes the characters of spectrum on a full

domain (for the negative orders 𝑞s and the positive orders
𝑞s). However, in practical applications, the wavelet leaders
based vibration analysis also has some unknown characters.
First, themechanical vibration signal always consists of noise.
The effect of the noise is worth studying. Second, in the
classic reference [6], the block bootstrap based performance
access method is employed with a fixed block length. But the
dependence of the coefficients on different levels of wavelet
is not the same. The selection of the optimal block length of
wavelet coefficients vector is another question. The detailed
introduction about the previous questions will be researched
in this paper, in the following, and comparison studies about
wavelet leaders based multifractal features extraction for
original and denoised vibration signals of plunger pump in
truck crane will be carried out.

This paper is organized as follows. The symptoms of
vibration signal of plunger pump in truck crane and wavelet
leaders based multifractal features are briefly introduced
in Section 1. Section 2 presents the theory of extracting
multifractal features with wavelet leaders. In Section 3, a
detailed discussion on the scheme of wavelet leaders based
vibration signals multifractal features extraction is presented.
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In Section 4, the effectiveness of the proposed multifractal
features extraction method is tested by using plunger pump
signals, and the results by direct multifractal features extrac-
tion are also given for comparison. A conclusion is given in
Section 5.

2. Wavelet Leaders Based Multifractal Features

2.1. Introduction of Wavelet Leaders. Suppose a function
𝜓
0
(𝑡) with the vanishing moment𝑁

𝜓
satisfies the admissible

condition then 𝜓
0
(𝑡) can be selected as mother wavelet. Let

{𝜓
𝑗,𝑘
(𝑡) = 2

−𝑗/2
𝜓
0
(2

−𝑗
𝑡 − 𝑘), 𝑗 ∈ 𝑍, 𝑘 ∈ 𝑍} denote tem-

plates of 𝜓
0
(𝑡) dilated to scales 2𝑗 and translated to time

positions 2𝑗𝑘, and they form an orthonormal basis of 𝐿2(𝑅).
For signal 𝑋 = {𝑥

𝑘
, 𝑘 ∈ 𝑍}, the discrete wavelet transform is

𝑑
𝑋
(𝑗, 𝑘) = ∫

𝑅

𝑋 (𝑡) 2

−𝑗
𝜓
0
(2

−𝑗
𝑡 − 𝑘) 𝑑𝑡. (1)

Further, assume that 𝜓
0
(𝑡) has a compact time support, and

define dyadic interval 𝜆 = 𝜆
𝑗,𝑘

= [𝑘 ⋅ 2

𝑗
, (𝑘 + 1) ⋅

2

𝑗
]. Let 3𝜆 denote the union of the interval 𝜆 with its two

adjacent dyadic intervals: 3𝜆
𝑗,𝑘
= 𝜆
𝑗,𝑘−1

∪ 𝜆
𝑗,𝑘
∪ 𝜆
𝑗,𝑘+1

. Then,
the wavelet leader of position 𝑘 in 𝑗 scale is defined as [5]
𝐿
𝑋
(𝑗, 𝑘) ≡ 𝐿

𝜆
= sup

𝜆

⊂3𝜆
|𝑑
𝑋,𝜆
 |. Hence, 𝐿

𝑋
(𝑗, 𝑘) consists of

the largest wavelet coefficient 𝑑
𝑋
(𝑗


, 𝑘


), which is calculated

at all finer scales 2𝑗


≤ 2

𝑗 within a narrow time neighbor-
hood (𝑘 − 1) ⋅ 2𝑗 ≤ 2𝑗



⋅ 𝑘


< (𝑘 + 2) ⋅ 2

𝑗, as shown in Figure 1.

2.2. Wavelet Leaders Based Multifractal Features Extraction.
Mechanical vibration signal has a typical nonlinear and
nonstationary character. When the machine state changes
from one work condition to another work condition or fault
state, a sudden change always appears in vibration signal.
The multifractal analysis can describe such special character
of the signal geometric structure [8]. From the scaling
exponents function, whether the signal is a single fractal or
a multifractal signal can be judged, and the function also
reflects the singularity to a certain extent. The longitudinal
and the horizontal ordinates of the multifractal spectrum
have concise physical meanings, which depict the uniformity
of signal measure and reflect the strength of singularity.

For signal𝑋, the wavelet leader of position 𝑘 in 𝑗 scale is
denoted by 𝐿

𝑋
(𝑗, 𝑘). Let 𝑆

𝐿
(𝑞, 𝑗) be the structure functions,

and the scaling exponents are denoted by 𝜁
𝐿
(𝑞) [9]; here, 𝑞 is

the order of these multiresolution quantities
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(2)

The multifractal spectrum 𝐷(ℎ) can be obtained by the
Legendre transform of the scaling exponents

𝐷 (ℎ) = inf
𝑞 ̸=0

(1 + 𝑞ℎ − 𝜁
𝐿
(𝑞)) . (3)

In addition, with the Chhabra algorithm, the Legendre
transform can be avoided, and the empirical expression of
multifractal spectrum is obtained [10]
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3. Procedures of Vibration Signals Multifractal
Features Extraction

In order to get multifractal features from the vibration signal,
the wavelet leaders based multifractal analysis with a wavelet
denoising algorithm and bootstrap based performance evalu-
ation are proposed and examined.Theprocedure for applying
the proposed method is given in detail next.

Step 1 (denoising with the wavelet method). In actuality,
the vibration signals are often contaminated with noise. It
is verified that the noise can affect the value of fractal and
further cause the analysis error. Thus, the contaminated
signal denoising is one of the important steps in fractal
analysis. Due to its good localization and multiresolution
features in the time-frequency domain, the wavelet transform
has been widely used. In this step, the selection of the
wavelet basis and the decomposition level are based on the
minimization of the cost functional of entropy [11].

Step 2 (multifractal features extraction). As mentioned in
Section 2, the scaling exponents and the multifractal spec-
trum can reflect the singularity of the vibration signal, so
they are selected as the features for conditionmonitoring and
fault diagnosis. In this step, the selection of related parameters
must be considered. First, the choice of mother wavelet and
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Figure 2: Scaling exponents and multifractal spectrum of the “devil staircase.” (a) Scaling exponents obtained by analytical method and
wavelet leaders method, respectively. (b) Multifractal spectrum obtained by analytical method, wavelet leaders with Legendre transform
method (wavelet leaders-1), and wavelet leaders with Chhabra regression method (wavelet leaders-2), respectively.

its vanishingmoment ismainly based on the tradeoff between
the relief of frequency aliasing and the preservation of spatial
characterization. Second, the orders 𝑞s are chosen in a scope
that avoids the linearization effect in the estimation proce-
dure of scaling exponents, which is obtained by ±√2/|𝑐

2
|

obtained with parabolic approximation [12]; here, 𝑐
2
is one

of the expansion coefficients of 𝜁
𝐿
(𝑞) and can be estimated on

the vibration data set by bootstrap technology. Third, scaling
range of regression in empirical expression of multifractal
spectrum is another issue, which can be determined by the
plot of 𝜁

𝐿
(𝑞) versus log

2
2

𝑗
= 𝑗. When the data actually show

a scaling behavior, the corresponding 𝑗 is appropriate.

Step 3 (performance evaluation of multifractal features). The
scaling exponents and the multifractal spectrum belong to
a statistical character, and performance analysis of these
features is a principalmeans for exploring the stability and the
confidence level. For the practical signal, the confidence level
cannot be obtained by analytical method. The nonparameter
bootstrap method is used to evaluate the statistical values in
this step. Because the wavelet leaders in the same decomposi-
tion scale in general cannot satisfy the independent and iden-
tically distributed (i.i.d), the block bootstrap technology is
adopted for the wavelet leaders, and then themultifractal fea-
tures with the produced pseudosamples are extracted; finally,
the confidence level is obtained by these statistical values.

An optimal block length of wavelet leaders vector is
required for the block bootstrap method. Here, based on
the flat-top lag windows presented by Politis and White [13],
a spectrum estimation approach is adopted to estimate the
optimal block length, which guarantees a minimum mean
square error of block bootstrap variance estimates.

4. Simulation Study and Plunger Pump
Working Conditions Analysis

4.1. Simulation Signal Study. In this section, we select a
popular fractal signal “devil staircase,” whose multifractal

spectrum has an analytical solution, to evaluate the perfor-
mance of the wavelet leaders approach by comparing with the
result of the analytical method [14].

For the triadic Cantor set measure 𝜇, define 𝑓 : [0, 1] →
[0, 1] as the distribution function of 𝜇,

𝑓 (𝑥) = ∫

𝑥

0

𝑑𝜇, 𝜇 ∈ [0, 1] . (5)

As the measure of Cantor set is constructed recursively with
the two distribution weights 𝑝

𝑖
(𝑖 = 1, 2) and it looks like a

staircase, the function is called the “devil staircase” and the
graph is self-similar

𝑓 (𝑥) =

{
{
{
{
{
{
{

{
{
{
{
{
{
{

{

𝑝
1
𝑓 (3𝑥) 𝑥 ∈ [0,

1

3

]

𝑝
1

𝑥 ∈ [

1

3

,

2

3

]

𝑝
1
+ 𝑝
2
𝑓 (3𝑥 − 2) 𝑥 ∈ [

2

3

, 1] .

(6)

For this function, the scaling exponents can be calculated
analytically by

𝜁 (𝑞) =

ln (𝑝𝑞
1
+ 𝑝

𝑞

2
)

ln (1/3)
. (7)

The multifractal spectrum can be obtained by the following
formula:

ℎtemp =
(log (𝑝

2
) − log (𝑝

1
))

(log (𝑝
2
) + ℎ ∗ log (3))

,

D (ℎ) =
((ℎtemp − 1) ∗ log (ℎtemp − 1)− ℎtemp ∗ log (ℎtemp))

(ℎtemp ∗ log (1/3))
.

(8)

Figure 2(a) shows the scaling exponents of the “devil
staircase” function obtained by the analytical method and
wavelet leaders method, respectively. It can be seen that the
difference is very small, especially for 𝑞 > 0. The multifractal
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Figure 3: Waveform of vibration signals of plunger pump in three working conditions. (a) Hoisting. (b) Rotating. (c) Luffing.

spectra with the previous two approaches are shown in
Figure 2(b). The spectrum obtained by the wavelet leaders
with Legendre transform method almost coincides with
the theoretical spectrum, which validates that the wavelet
leaders based scaling exponents are effective. In addition,
the multifractal spectrum obtained by the wavelet leaders
with Chhabra regression method seems to deviate from the
analytical result distinctly. The reason may be the regression
with limited scales data and the scale weight distribution.
However, the obtained spectrum still reflects the multifractal
character of the “devil staircase” function. This is attributed
to the two spectra having a similar shape. Furthermore, the
three of four parameters used to characterize the spectrum
[15], which are theminimumand themaximumof theHolder
index corresponding to the two spectra, and the range of
the Holder index, are similar; as for the fourth parameter,
which is the ℎ∗ of the wavelet leaders with Chhabra regres-
sion method that corresponds to the Holder index of the
maximum Hausdorff dimension, it is about 0.65 and agrees
with the analytical method.

4.2. Plunger Pump Working Conditions Analysis with the
Proposed Method. In order to realize the condition monitor-
ing or fault diagnosis of plunger pump in truck crane, the
working condition is required to judge firstly. In different
working conditions, the states of the pump are different. So,
the multifractal features of the vibration signal of the pump
can be used to determine the working condition of the truck
crane.

The plunger pump is seated on the truck crane, and
the pump type is Linde HPR130, which has nine plungers.
Three accelerometers mounted on the pump surface are
used to obtain the vibration signal. The accelerometers are
located in the horizontal direction of the bearing (1#), the
vertical direction of the bearing (2#), and the horizontal
direction of thrust plate (3#), respectively. The experiment
data is collected from accelerometer 1#. The rotating speed
of the pump is about 850 r/min, and the vibration signals are
collected for hoisting, rotating, and luffing conditions at a
sampling rate of 20 kHz.Thewaveforms of the original signals
are shown in Figure 3, each consisting of 4096 points.
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Figure 4: Waveform of denoised vibration signals of plunger pump in three working conditions. (a) Hoisting. (b) Rotating. (c) Luffing.

First, the original vibration signal is denoised with
waveletmethod.TheDaubechies’ wavelets with different van-
ishing wavelet moments (from “db1” to “db10”) and “sym8”
wavelet consist of a wavelet library. The wavelet basis and the
decomposition level are selected based on minimizing the
cost functional of entropy. For the previous three vibration
signals of different working conditions, they are decomposed
into 10 levels, and the wavelet basis and the corresponding
decomposition level with the minimal Shannon entropy are
listed in Table 1, and the denoised signals are shown in
Figure 4.

Second, the wavelet leaders based multifractal features
extraction method is employed to extract the vibration
features. Considering the tradeoff between the relief of
frequency aliasing and the preservation of spatial character-
ization, the db3 Daubechies’ wavelet is selected as mother
wavelet. For these three denoised vibration signals, 𝑐

2
are

estimated on the data sets by bootstrap technology. As shown
in Figure 5, 𝑞 are calculated as 2, 6, and 5 for hoisting,

Table 1: The wavelet basis and the corresponding decomposition
level with the minimal Shannon entropy.

Vibration signal Wavelet basis Decompositon level
Hoisting db 10 2
Rotating db 10 10
Luffing db 1 1

rotating, and luffing conditions, respectively. For convenient
comparison, the scopes of 𝑞 are selected as 𝑞±

∗
= ±6. In order

to use the empirical expression of multifractal spectrum, the
scaling range of regression should be determined according
to the plot of 𝜁

𝐿
(𝑞) versus log

2
2

𝑗
= 𝑗. Taking the vibration

signal of rotating condition as an example, Figure 6 shows
that the scaling range is appropriate in the scope of 2 to
9. According to these parameters, decompose the vibration
signals of thementioned three conditions into nine levels and
extract thewavelet leaders ofwavelet coefficients in each level,
respectively. The multifractal features, including the scaling
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Figure 5: Estimation of 𝑐

2
of the vibration signals based on bootstrap technology, the number of resample is 49. (a) Hoisting. (b) Rotating.

(c) Luffing.

exponents and the multifractal spectrum, are obtained with
formulae (2) and (4).

The multifractal features for the three conditions are
shown in Figures 7, 8, and 9. The relations of 𝜁(𝑞) and 𝑞 are
nonlinear for the three conditions, which indicates that the
vibration signals have the multifractal characters. Further-
more, all the multifractal spectra of the three conditions
are unimodal functions, which also verifies that the signals
have multifractal characters. But the precise singularities
of these three signals are different as to the multifractal
parameters [15], though all of the maximum of 𝐷max(ℎ) are
close to 1. From the curve of multifractal spectrum, for the
hoisting condition, the Δℎ = ℎmax − ℎmin is about 1.65,
which is larger than 0.55 of rotating condition and 0.73 of
luffing. For the second parameter Δ𝐷 = 𝐷max − 𝐷min,
it is 1.1 for hoisting condition and 0.3 and 0.02 for luffing
condition and rotating condition, respectively. As for the
third parameter ℎ

0
(𝐷max), it is 1.0 for hoisting condition and

0.35 and 0.3 for luffing condition and rotating condition.
All of the parameters explain that the most singular is the
vibration signal of hoisting condition, and the next is that of
luffing condition.The vibration signal of rotating condition is
the most regular.

Table 2: The block length of bootstrap for the vibration signals of
three working conditions.

Level 2 3 4 5 6 7 8 9
Hoisting condition 96 33 20 34 20 9 3 1
Rotating condition 14 11 4 11 2 7 3 1
Luffing condition 15 9 9 5 1 1 3 1

In order to evaluate the statistic performance of the
obtained multifractal features, the bootstrap technology is
utilized to resample the wavelet leaders in each level. Then,
the scaling exponents and the multifractal spectrum are
calculatedwith the produced pseudosamples, and the statistic
performances of the multifractal features are obtained. The
optimal block length of each level is listed in Table 2. It
shows that there exists various degrees of correlation among
wavelet leaders in the same level. In the small level, the
correlation is stronger, but in the 9th level, the leaders are
almost independent of each other. For most of the levels, the
wavelet leaders of hoisting show a stronger correlation.

Set the sampling times of bootstrap to 49 and calculate
themultifractal features with the obtained bootstrap samples.
The confidence levels of the multifractal features are shown
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Figure 6: Relationship between scaling exponents 𝜁
𝐿
(𝑞) and scale 𝑗 for rotating condition.

Table 3:The confidence level of scaling exponents of three working
conditions.

Order 𝑞 Confidence level
Hoisting 𝜁

𝐻
(𝑞) Rotating 𝜁

𝑅
(𝑞) Luffing 𝜁

𝐿
(𝑞)

−6 [−11.2, −8.10] [−3.14, −2.66] [−3.92, −3.33]
−5 [−9.08, −6.58] [−2.52, −2.09] [−3.11, −2.64]
−4 [−6.97, −5.09] [−1.90, −1.56] [−2.33, −1.98]
−3 [−4.86, −3.67] [−1.32, −1.08] [−1.60, −1.36]
−2 [−2.83, −2.32] [−0.81, −0.66] [−0.94, −0.81]
−1 [−1.17, −1.04] [−0.37, −0.30] [−0.40, −0.34]
1 [0.80, 0.87] [0.24, 0.30] [0.23, 0.29]
2 [1.37, 1.56] [0.41, 0.54] [0.37, 0.50]
3 [1.83, 2.15] [0.54, 0.74] [0.46, 0.64]
4 [2.25, 2.69] [0.60, 0.91] [0.50, 0.73]
5 [2.66, 3.19] [0.62, 1.04] [0.53, 0.81]
6 [3.06, 3.68] [0.61, 1.14] [0.54, 0.88]

in Figure 7 to Figure 9. Table 3 lists the scaling exponents
of the previous three conditions, and 𝜁

𝐻
(𝑞), 𝜁
𝑅
(𝑞), and 𝜁

𝐿
(𝑞)

correspond to the scaling exponent of hoisting, rotating,
and luffing conditions, respectively. From Tables 4, 5, and 6,
it further reflects the confidence level of multifractal features

of the vibration signal. In the tables, 𝐷
𝐻
(𝑞) and ℎ

𝐻
(𝑞) are

multifractal spectrum value and Holder index of hoisting
condition, respectively, and 𝐷

𝑅
(𝑞) and ℎ

𝑅
(𝑞) are multifrac-

tal spectrum value and Holder index of rotating condition,
respectively, while𝐷

𝐿
(𝑞) and ℎ

𝐿
(𝑞) correspond tomultifrac-

tal spectrum value and Holder index of luffing condition,
respectively. From Tables 4 to 6, when 𝑞 is in the scope of
[−2, +2], the multifractal features are more concentrative,
and the corresponding confidence levels are narrow; out of
this scope, the multifractal features are dispersive, and the
confidence levels are wide.

The proposed wavelet leaders based multifractal features
extraction method is compared with the direct wavelet
leaders based multifractal features extraction method. The
latter does not include the denoised step. The obtained
multifractal features with the direct method are shown in
Figures 10, 11, and 12. For the working conditions of rotating
and luffing, the shapes of multifractal spectrum change little,
and the parameters representing the singularity are Δℎ =

0.55, Δ𝐷 = 0.01, and ℎ
0
(𝐷max) = 0.3 for rotating condition,

respectively, and the corresponding parameters are 0.72,
0.3, and 0.35 for luffing condition, respectively. But for the
working condition of hoisting condition, the shape of mul-
tifractal spectrum changes considerably, and the parameters
representing the singularity change to Δℎ = 0.76, Δ𝐷 =

0.42, and ℎ
0
(𝐷max) = 0.45, respectively. This indicates
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Figure 7: Multifractal features and the statistic performance of the vibration signal in hoisting condition.
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Figure 8: Multifractal features and the statistic performance of the vibration signal in rotating condition.

Table 4: The confidence level of multifractal spectrum of hoisting working condition.

Confidence level Confidence level Confidence level
Holder index
ℎ
𝐻
(𝑞)

Spectrum value
𝐷
𝐻
(𝑞)

Holder index
ℎ
𝐻
(𝑞)

Spectrum value
𝐷
𝐻
(𝑞)

Holder index
ℎ
𝐻
(𝑞)

Spectrum value
𝐷
𝐻
(𝑞)

[0.40, 0.49] [0.08, 0.47] [0.50, 0.63] [0.62, 0.72] [1.39, 2.10] [−0.59, 0.51]
[0.40, 0.51] [0.17, 0.50] [0.66, 0.77] [0.86, 0.91] [1.46, 2.11] [−0.85, 0.25]
[0.41, 0.53] [0.28, 0.52] [1.16, 1.39] [0.77, 0.91] [1.51, 2.11] [−0.89, 0.05]
[0.44, 0.56] [0.44, 0.58] [1.29, 1.92] [−0.02, 0.73] [1.54, 2.11] [−0.88, −0.03]
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Figure 9: Multifractal features and the statistic performance of the vibration signal in luffing condition.
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Figure 10: Multifractal features and the statistic performance of the vibration signal without denoising process in hoisting condition.

Table 5: The confidence level of multifractal spectrum of rotating working condition.

Confidence level Confidence level Confidence level
Holder index
ℎ
𝑅
(𝑞)

Spectrum value
𝐷
𝑅
(𝑞)

Holder index
ℎ
𝑅
(𝑞)

Spectrum value
𝐷
𝑅
(𝑞)

Holder index
ℎ
𝑅
(𝑞)

Spectrum value
𝐷
𝑅
(𝑞)

[−0.02, 0.09] [0.22, 0.53] [0.14, 0.22] [0.85, 0.91] [0.45, 0.55] [0.63, 0.76]
[0.00, 0.12] [0.35, 0.62] [0.21, 0.27] [0.96, 0.98] [0.50, 0.61] [0.40, 0.62]
[0.03, 0.15] [0.52, 0.72] [0.33, 0.40] [0.96, 0.97] [0.54, 0.63] [0.25, 0.52]
[0.08, 0.19] [0.69, 0.82] [0.39, 0.49] [0.82, 0.88] [0.56, 0.65] [0.10, 0.47]

Table 6: The confidence level of multifractal spectrum of luffing working condition.

Confidence level Confidence level Confidence level
Holder index
ℎ
𝐿
(𝑞)

Spectrum value
𝐷
𝐿
(𝑞)

Holder index
ℎ
𝐿
(𝑞)

Spectrum value
𝐷
𝐿
(𝑞)

Holder index
ℎ
𝐿
(𝑞)

Spectrum value
𝐷
𝐿
(𝑞)

[0.01, 0.06] [0.38, 0.58] [0.11, 0.17] [0.82, 0.86] [0.58, 0.71] [0.42, 0.64]
[0.02, 0.07] [0.45, 0.61] [0.18, 0.25] [0.94, 0.96] [0.63, 0.78] [0.16, 0.46]
[0.03, 0.09] [0.56, 0.68] [0.40, 0.47] [0.93, 0.95] [0.67, 0.81] [0.00, 0.36]
[0.05, 0.12] [0.68, 0.76] [0.50, 0.61] [0.72, 0.82] [0.68, 0.82] [−0.12, 0.32]
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Figure 11: Multifractal features and the statistic performance of the vibration signal without denoising process in rotating condition.
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Figure 12: Multifractal features and the statistic performance of the vibration signal without denoising process in luffing condition.

that the singularity of the vibration signal is enhanced by
the denoised process, and the multifractal characters of the
vibration itself are highlighted.

5. Conclusions

In this study, an improved wavelet leaders based multifractal
features extraction scheme is proposed for the plunger
pump in truck crane. The wavelet transform is used first
to denoise the original signal, and then the wavelet leaders
based multifractal features are calculated on those obtained
denoised signals; finally, to evaluate the performance of the
obtained statistic features, the block bootstrap technology is
utilized. The case of “devil staircase” verifies that the wavelet
leaders based analysis method can extract the multifractal
features effectively.The vibration signals of the plunger pump
in the truck crane are used to validate the capability of
the improved wavelet leaders based multifractal features

for the contaminative signals, and the performance of the
proposed method is also compared with that of the direct
wavelet leaders based scalogram through this case study.
The results show that (1) the proposed method is not only
qualified inmultifractal features extraction, but also evaluates
the performance of the obtained statistic. (2) The proposed
method is utilized to analyze the vibration signals of the
plunger pump in the truck crane in three working conditions,
and the results indicate that the multifractal characters of
the vibration are highlighted. (3) The multifractal method
with denoised process has better performance, which means
that the proposed method is more suitable for contaminative
signal analysis in condition monitoring.
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This paper proposes a combined method of ant-based clustering and cerebellar model articulation controller for performance
assessment for a fleet of machines. A novel ant-based clustering algorithm with kernel method is used to cluster machines in a
fleet. The algorithm has two features. First, a projection based on kernel principal component analysis replaces random projection
to improve the efficiency. Second, the clustering is performed on the feature space after kernel mapping to improve the clustering
accuracy.The algorithm can cluster machines in a self-organizing way to achieve the horizontal assessment.The vertical assessment
for the single machine based on CMAC is presented. Then, how to combine the vertical and horizontal assessment results is
discussed. The outlier mining method to detect abnormal machines based on the clustering results is also proposed. Cluster-based
global outlying factor is suggested to measure the outlying degree of abnormal machine. Finally, the case study on axial fans shows
that the combined method can give a more comprehensive assessment for fans’ performance monitoring.

1. Introduction

Intelligent Maintenance (IM) of machine is emerging as a
replacement of traditional reactive maintenance style. Differ-
ent from traditional “fail andfix (FAF)”maintenance practice,
IM focuses on “predict and prevent (PAP)” methodology
to achieve near-zero downtime performance. Usually, the
machine and components go through a series of degradation
states before failure. The predictive tools are needed to
monitor degradation states rather than detect the faults [1].
Once the degradation has been detected, the remaining
useful life of machine could be predicted. Therefore, the
key challenges of implementing IM are machine degradation
assessment and prediction.

Many efforts have been made to develop methods and
tools for these challenges. Yan and Lee [2] proposed a logic
regression method to assess performance degradation of an
elevator door system. They [3] also presented the further
study combining logic regression and fuzzy logic for nozzle
life prediction in gas turbine. Logistic regression can easily
represent the daily maintenance records as a dichotomous
problem. However, this method is applicable only when

both normal and failure behavior are available. Yu et al.
[4] presented a machine performance assessment approach
based on Gaussian Mixture Model (GMM). Experimental
results of real industrial run-to-failure bearing had shown
that the model was efficient. Gaussian Mixture Model inte-
grated with locality preserving projection was also suggested
to assess the bearing performance degradation [5]. Mixture
of Gaussian can be utilized to approximate an arbitrary
distribution, while the number of the mixtures is not easy
to be determined and the optimization parameters can be
affected by different initialization methods. Lee [6] first pro-
posed a pattern discriminationmodel based on theCerebellar
Model Articulation Controller (CMAC). Experiments on the
stepping motor and the robot had proven the feasibility of
the model. Lin and Wang [7] also used enhanced CMAC
in performance analysis of rotating machinery. Zhang et al.
[8] suggested a modified CMAC algorithm for performance
degradation assessment of self-maintenance machine. Xu
et al. [9] proposed a fuzzy based extension of CMAC to
analyze two types of machine degradation severities. In one
case, the network was trained by signals from different
levels of machine degradation states. In the other case, the
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Table 1: The features of vertical and horizontal assessment and prediction.

Vertical assessment and prediction Horizontal assessment and prediction
Machine type Single machine A fleet of machines
Compared data Compared with historical data of itself Compared with the data of the same (similar) machines
Analyzing domain Time domain Space domain (peer to peer)
Methods CMAC, SOM, GMM, etc. Cluster-based method

network was only trained by signals of normal state. The
generalization ability of CMAC makes it very suitable for
performance degradation assessment. It can be trained only
using the data in the normal state. Wu et al. [10] proposed
an online adaptive condition-based maintenance method
with pattern discovery and fault learning capabilities. The
method was mainly based on Self-Organizing Map (SOM).
An experiment on the machine tool test bed validated the
proposed approach. SOM provides a way of representing
multidimensional feature space in a one- or two-dimensional
space while preserving the topological properties of the input
space. It is an unsupervised learning and no prior outputs
are needed. Qiu et al. [11] proposed an adaptive wavelet
filter method for hazard rate prediction of bearing. Further,
they developed a robust performance degradation assessment
method for rolling bearing [12]. This method was based on a
combination of wavelet filter and SOM for fault identification
and assessing performance degradation, respectively. Pan
et al. [13] suggested a Fuzzy C-means (FCM) method for
bearing performance degradation assessment. Liftingwavelet
packet decomposition was used to create feature vectors.

Due to the complexity of the machine, the combination
of multiple methods is usually used for identifying working
condition. Lapira et al. [14] proposed a systematic framework
that utilized multiregime modeling approach to trend and
assess wind turbine degradation. Three methods composed
by SOM,GMM, and neural networkwere combined and cho-
sen to handle condition data withmultiple operating regimes.
Caesarendra et al. [15] proposed the combination between
Relevance Vector Machine (RVM) and Logistic Regression
(LR) for bearing performance assessment. Liao and Lee
[16] presented a novel machine performance degradation
scheme based on Fixed Cycle Features Test (FCFT). FCFT
introduced a new testingmethodwhich obtained data during
the transient periods of different working loads. Wavelet
packet analysis, PCA, and mixture model were combined.
A case study for chiller system was used as an example. A
comparative study of maintenance data classification based
on neural networks, logistic regression, and support vector
machines was also provided [17].

Remaining Useful Life (RUL) prediction methods are
important to extrapolate the machine’s process behavior over
time and predict its life in the future. Autoregressive Moving
Average (ARMA) model is usually used for modeling and
predicting future values in time series. Yu et al. [18] presented
Elman Recurrent Neural Network (ERNN) for predicting
the behavior of a boring process during its full life-cycle.
This prediction was achieved by the fusion of the predictions
of three principal components extracted from the spindle
load. Liu et al. [19] proposed a match matrix method for

manufacturing process performance prediction and diagno-
sis. By constructing a match matrix, the similarity between
two feature series can be represented by the best match
index. Siegel et al. [20] suggested a robust regression curve
fitting approach for Remaining Useful Life prediction for
the helicopter oil-cooler bearings. Tran et al. [21] presented
a three-stage method for both performance degradation
assessment and RUL prediction. In the first stage, ARMA
model was generated by using only normal operating data to
identify the behavior of the complex system. In the second
stage, the Cox’ proportional hazard model was established to
estimate the system survival function. In the last stage, SVM
for regression [22], with multistep ahead prediction ability,
was utilized to forecast the RUL. Huang et al. [23] suggested
a new scheme for the prediction of a ball bearing’s RUL based
on self-organizing map (SOM) and back propagation neural
network. Gebraeel et al. [24] also suggested a neural network
approach for RUL predictions of bearing from vibration-
based degradation signals. Two classes of neural network
models, single-bearing model, and clustered-bearing model
were developed.

A toolbox named as Watchdog Agent [25] has been
developed, which integrated many algorithms mentioned
above. The toolbox has been embedded in the Labview
software for public usage.

Reviewing all the assessment and predicting methods
above, we can see that most methods use time-domain
comparison, which means machine’s current condition is
compared with its historical data to assess various degrada-
tion states. All these methods are used for single machine or
system. This kind of methods can be concluded as vertical
assessment and prediction. But in IM, there is also a need for
peer to peer comparison for a fleet of machines. So-called
“a fleet of machines” means that many machines, with the
same or similar structures and working condition, compose
a fleet. For example, many pumps in a factory or several
elevators in a building can be taken as a fleet of machines.The
running information of a fleet of machines can be exchanged
or collected easily for analysis. Machines in the fleet can be
compared to each other to assess their performance degrada-
tion. We call this comparison as horizontal assessment and
prediction. Table 1 shows the features of vertical and hor-
izontal assessment methods. The horizontal comparison of a
fleet of machines presents the chance and innovation brought
by Internet to the maintenance style. But now the relevant
research and report on this field are few.

For this purpose, this paper proposed a horizontal
method based on ant-based clustering. This kind of ant-
based clustering algorithm imitates the ant’s behavior of
clustering their corpses [26]. The object with 𝑛 attributes can
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Figure 1: The system framework of proposed methods.

be looked as a point in 𝑛-dimensional space. The objects
are projected into a low dimensional space (often a two-
dimensional plane). Then the ants compute the similarity of
the objects and decide to pick up or drop them. Compared
with traditional clustering methods, such as partition-based
methods, hierarchy-basedmethods, and density-basedmeth-
ods, ant-based clustering algorithm does not need any prior
knowledge.This is an importantmerit whichmakes it suitable
in our application. Becauseweusually donot knowhowmany
clusters there are in a fleet of machines, it should be created
by a self-organizingway. Second, ant-based clustering process
is visible on the projecting plane. This is very helpful in the
monitoring of machine performance. The visible clustering
results can be directly integrated into the interface of the
monitoring software.

In our application, on one hand, the efficiency of the
algorithm should be improved because some maintenance
decisions or actions are dependent on the results of clustering
analysis. On the other hand, the algorithm should have the
ability to cluster the datasets with different structures. We
have proposed a novel ant-based clustering algorithm using
the kernel method to overcome these problems [27]. In
this paper, we will show how this algorithm is applied in
performance assessment for a fleet of machines.

The remainder of this paper is organized as follows.
Section 2 described the system framework of proposed
methods. Section 3 proposed the methods for performance
assessment for a fleet of machines, including horizontal
assessment, vertical assessment, and the fusion method.
Section 4 gave the case study and analysis. Finally, Section 5
gave the conclusion and further research directions.

2. The System Framework of
Proposed Methods

In this paper, we will propose a combined method of ant-
based clustering and CMAC for performance assessment for

a fleet of machines. As shown in Figure 1, data acquirers can
get the data of fans in monitoring nodes. The data can be
collected and transferred by router to the database server by
the Ethernet. The following analysis can be performed.

(i) Machines in a fleet are clustered using ant-based
clustering method.

(ii) Performance assessment for the single machine is
conducted based on CMAC.

(iii) The horizontal and vertical assessments are combined
to get the final conclusion.

(iv) The outliers are detected based on outlying factor in a
very small cluster.

3. The Assessment Method for
a Fleet of Machines

3.1. Ant-Based Clustering Algorithm with the Kernel
Method for Horizontal Assessment

3.1.1. The Basic Ant-Based Clustering Algorithm. The algo-
rithm introduced by Lumer and Faieta [28] represents the
basic ant-based clusteringmethod. Some important concepts
are firstly introduced through Figure 2.

The projection plane: the objects and ants are initially
projected onto a two-dimensional plane. Each object or ant is
projected randomly. The size of the plane can be determined
based on the number of objects.

The local neighbourhood of object 𝑜
𝑖
: it is a neighbouring

region of the object 𝑜
𝑖
and written as Neigh(𝑜

𝑖
). It is often a

square with size 𝑠 × 𝑠 (𝑠 = 2𝑟 + 1), where 𝑟 is the radius of
Neigh(𝑜

𝑖
). The center of Neigh(𝑜

𝑖
) is the position of 𝑜

𝑖
.

The local similarity: it is the similarity of the object 𝑜
𝑖
with

other objects inNeigh(𝑜
𝑖
). It is oftenmeasured by the distance
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between objects. In Figure 2, the object 𝑜
𝑖
is assumed to locate

at the coordinate (𝑥
𝑖
, 𝑦
𝑖
). The local similarity of 𝑜

𝑖
is given by

𝑓 (𝑜
𝑖
) =

{
{
{

{
{
{

{

1

𝑠

2
∑

𝑜
𝑗
∈Neigh(𝑜

𝑖
)

[1 −

𝑑 (𝑜
𝑖
, 𝑜
𝑗
)

𝛼

] , when 𝑓 > 0

0 otherwise,
(1)

where 𝑑(𝑜
𝑖
, 𝑜
𝑗
) is the distance between two objects. Typically

Euclidean distance is used. 𝛼 is a factor that defines the scale
for dissimilarity.

The probability conversion function: it is a function that
converts the local similarity of 𝑜

𝑖
into the probability of being

picked up (or dropped) by ants. The probability that an ant
will pick up or drop the object is

𝑃
𝑝
(𝑜
𝑖
) = (

𝑘
1

𝑘
1
+ 𝑓 (𝑜

𝑖
)

)

2

, (2)

𝑃
𝑑
(𝑜
𝑖
) = {

2𝑓 (𝑜
𝑖
) when 𝑓 (𝑜

𝑖
) < 𝑘
2
,

1 when 𝑓 (𝑜
𝑖
) ≥ 𝑘
2
,

(3)

where 𝑘
1
, 𝑘
2
are two constants. 𝑘

1
and 𝑘
2
adjust the probabil-

ities of picking up and dropping objects. 𝑃
𝑝
(𝑜
𝑖
) and 𝑃

𝑑
(𝑜
𝑖
) are

compared with a random real number 𝑝 (𝑝 ∈ [0, 1]), and the
results determine whether the object 𝑜

𝑖
should be picked up

or dropped.
The process of LF algorithm can be generalized as the

following steps.
(1) Projection: all objects and ants are randomly pro-

jected onto the grid.
(2) Calculating the similarity: each ant calculates the

object’s similarity to others in the object’s local neigh-
bourhood.

(3) The similarity is transformed to the probability to pick
up or drop object.

(4) Ants pick up or drop objects.
(5) Ants move.
(6) Repeat (2)–(5).
A number of modifications have been introduced to the

basic LF algorithm to improve clustering quality and con-
vergent speed. A latest review of ant-based clustering can be
referred to [29].

3.1.2. Ant-Based Clustering Algorithmwith the Kernel Method.
To improve the algorithm’s efficiency and clustering quality,
we incorporated the kernel method into ant-based clustering
and created the novel ant-based clustering with the kernel
method (ACK) [27]. The applications of kernels in ACK
are shown in two ways. First, Kernel Principal Component
Analysis (KPCA) is used to modify the random projection of
all objects. Second, the Euclidean distance in the feature space
is applied as a measure of the similarity between the objects.

Projection of the Objects Based on KPCA. In ant-based clus-
tering algorithms, the objects are randomly projected onto
the plane. One pattern corresponds randomly with a pair of
coordinates. This random projection leads to few similarities
between the objects in the local neighbourhood at the early
stage. It takes a long time for an object to be similar to
nearby objects from the inception of the algorithm. We have
suggested a modified projection based on Principal Com-
ponent Analysis (PCA) [30]. Then we applied KPCA to
replace PCA. Compared with linear PCA, KPCA can extract
features that are more useful for classification.

The Ant Movement Model Operating in the Feature Space.
In ACK algorithm, we applied the ant movement model
suggested by Xu et al. [31], where each object is taken as an
ant. Each ant has two states: movement and sleep. If the ant
finds that a location is suitable for it to rest, it will stopmoving
and enter a sleeping state; otherwise, it will continue to move
to another place. The fitness of the local neighbourhood
is computed as (4), which is similar to (1) in Section 3.1.1.
Consider

𝑓 (𝑜
𝑖
) =

{
{
{

{
{
{

{

1

𝑠

2
∑

𝑜
𝑗
∈𝐿(𝑜𝑖 ,𝑟)

[1 −

𝑑 (𝑜
𝑖
, 𝑜
𝑗
)

𝛼
𝑖

] , when 𝑓 > 0

0 otherwise,

(4)

where 𝛼
𝑖
= (1/(𝑁 − 1))∑

𝑁

𝑗=1
𝑑(𝑜
𝑖
, 𝑜
𝑗
) is the average distance

between 𝑜
𝑖
and other objects.

If we apply a kernel function to map the objects into the
feature space, then the clustering can be performed according
to the similarities of the objects in the feature space. The
fitness becomes

𝑓 (𝑜
𝑖
) =

{
{
{

{
{
{

{

1

𝑠

2
∑

𝑜
𝑗
∈𝐿(𝑜𝑖 ,𝑟)

[1 −

𝑑
𝐹
(𝑜
𝑖
, 𝑜
𝑗
)

𝛼
𝑖

] , when 𝑓 > 0

0 otherwise,

(5)

where 𝛼
𝑖
= (1/(𝑁 − 1))∑

𝑁

𝑗=1
𝑑
𝐹
(𝑜
𝑖
, 𝑜
𝑗
) and 𝑑

𝐹
(𝑜
𝑖
, 𝑜
𝑗
) is the

distance between 𝑜
𝑖
and 𝑜
𝑗
in the feature space. 𝑑

𝐹
(𝑜
𝑖
, 𝑜
𝑗
) can

be obtained by the kernel function according to

𝑑
𝐹
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𝑖
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𝑗
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(6)

A Gaussian kernel is applied in this study as follows:

𝐾(𝑥, 𝑦) = exp(−





𝑥 − 𝑦






2

2𝜎

2
) . (7)
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0 /∗initialization∗/
1 All objects are placed on the grid based on KPCA
2 Initialize all parameters: 𝑟

1
, 𝑡max, 𝛼, 𝛽

3 /∗main loop∗/
4 for 𝑡 = 1 to 𝑡max do
5 for 𝑖 = 1 to𝑁 do (𝑁 is the number of the objects)
6 compute 𝑓(𝑜

𝑖
) and 𝑃

𝑎
(𝑜
𝑖
)

7 draw a random real number 𝑝 ∈ (0, 1)
8 if (𝑝 ≤ 𝑃

𝑎
) then

9 activate ant and move to next place
10 else
11 stay at current site and sleep
12 end if
13 end for
14 adjust 𝑟, 𝛼, 𝛽
15 end for
16 Output locations of all objects;

Pseudocode 1: The pseudocode of the ACK algorithm.

For an ant, the probability of being activated by the local
neighbourhood is

𝑃
𝑎
(𝑜
𝑖
) = (

𝛽

𝛽 + 𝑓 (𝑜
𝑖
)

)

2

, (8)

where 𝛽 ∈ 𝑅

+ is the threshold of the ant’s active fitness.
Equation (8) is also similar to (2) in Section 3.1.1. When 𝑓 ≪
𝛽, 𝑃
𝑎
(𝑜
𝑖
) is close to 1. Thus, if the fitness of 𝑜

𝑖
is much smaller

than the threshold, 𝑜
𝑖
has a high probability of being activated.

The active 𝑜
𝑖
moves in the plane and searches for a more

comfortable place to sleep. When 𝑓 ≫ 𝛽, 𝑃
𝑎
(𝑜
𝑖
) is close to

0. Therefore, 𝑜
𝑖
does not wake up and continues to sleep. The

principle of the ant movement model is the same as that in
the LF algorithm [28]. The big difference is that the passive
movement of objects is transformed into active movement.

The pseudocode of the main body of the ACK algorithm
is given in Pseudocode 1.

3.2. CMAC for Vertical Assessment and Comparison. CMAC
neural network has been employed to evaluate machine per-
formance degradation states [7, 9]. The main advantages of
CMAC against other neural networks are its local generaliza-
tion, extremely fast learning speed, and easy implementation
in software and hardware.

As shown in Figure 3, CMAC can be considered as an
associative memory network, which performs twomappings:

S → A → P, (9)

where S is the𝑚-dimensional input space.The input variable
S
𝑖
= [𝑠

𝑖

1
, 𝑠

𝑖

2
, . . . , 𝑠

𝑖

𝑚
] (𝑖 = 1, 2, . . . , 𝑁). A is an 𝑛-dimensional

memory cell vector. Every input variable 𝑆
𝑖
in S only activates

𝑔 elements inA.𝑔 is called as generalization parameter (𝑔 = 3
in Figure 3). P is one-dimensional output space. The weights
in the activated memory cells are added to create the output.

The input space S

The output space PThe memory space A

S1

S2

a1
a2
a3
a4
a5
a6
a7
a8

w1
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w4
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an−3 wn−3

an−2 wn−2

an−1 wn−1

an wn

y(S1)

y(S2)

∑

∑

Figure 3: The structure of CMAC.

Before the mapping, each dimension 𝑠𝑖
𝑘
(𝑘 = 1, 2, . . . 𝑚) in

input variable S
𝑖
should be quantized as

𝑠

𝑖

𝑘
=

𝑠

𝑖

𝑘
− 𝑠

min
𝑘

𝑟
𝑘

, (10)

where 𝑠min
𝑘

is the minimum of the 𝑘th dimension of S
𝑖
; 𝑟
𝑘
is

the quantization parameter of the 𝑘th dimension of S
𝑖
. The

mapping address of 𝑠𝑖
𝑘
(𝑘 = 1, 2, . . . 𝑚) will be determined

according to its quantization value. Then, the first mapping
combines all 𝑚-dimensional mapping address and projects
the point S

𝑖
in the input space into a binary associative vector

A
𝑖
. The elements in A

𝑖
are defined as

𝑎
𝑖,𝑗
=

{
{

{
{

{

1 if the 𝑗th element is activated
by the 𝑘th sample,

0 otherwise,

1 ≤ 𝑗 ≤ 𝑛.

(11)
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The second mapping calculates the output of the network
as scalar product of A

𝑖
and the weight vector,W, as shown in

𝑌
𝑖,𝑟
= A𝑇
𝑖
⋅W =

𝑛

∑

𝑗=1

𝑎
𝑖,𝑗
𝑤
𝑗
. (12)

The weights are updated as

𝑤
𝑗
(𝑡 + 1) = 𝑤

𝑗
(𝑡) + Δ𝑤

𝑗
(𝑡)

= 𝑤
𝑗
(𝑡) +

𝛽

∗
𝑎
𝑖,𝑗

𝑔

(𝑌
𝑖,𝑑
−

𝑛

∑

𝑗=1

𝑎
𝑖,𝑗
𝑤
𝑗
(𝑡)) ,

(13)

where 𝑖 is the 𝑖th sample. 𝑌
𝑖,𝑟

is the real output at the 𝑖th
sample. 𝑤

𝑗
is the 𝑗th element in the weight vectorW. 𝑡 is the

𝑡th cycle. 𝛽 is the learning rate. 𝑌
𝑖,𝑑

is the desired output at
the 𝑖th sample. The initial value of 𝑤

𝑗
can be set to zero. The

initial value of 𝛽 should be in (0, 2) and 𝛽 can be reduced with
the learning cycle increasing.

The mapping in CMAC model assures local generaliza-
tion, which means that similar inputs create similar outputs
while different inputs create nearly independent outputs.
This generalization ability is a significant reason that CMAC
can be used as a powerful tool for machine performance
assessment. As shown in Figure 4, the features extracted from
the normal condition of machine are used as the input of
CMAC. The output in normal condition is set to 1. Then
CMAC can be trained. After CMAC is trained well, the
features in current operation can be inputted into CMAC. If
the output is close to 1, this means that the running condition
is near to normal. On the contrary, the running conditionwill
be abnormal if the output deflects from 1 seriously.Therefore,
the output of CMAC can be taken as a confidence value (CV),
which can reflect the deflecting degree of machine’s current
condition from normal condition.

3.3. The Fusion of Horizontal and Vertical Assessment Results.
When horizontal and vertical assessment results are gotten,
they can be fused to create a more comprehensive assessment
for machine performance. We will discuss two possible
conditions. The first is that only one machine in the fleet
has enough historical data. The second is that all machines’
historical data in the fleet are collected sufficiently.

3.4. The Outlier Mining for Abnormal Machine Detection
Based on Clustering Results. Cluster analysis can create some
outliers as side products. As for the performance analysis of a
fleet of machines, the outliers may represent the machines in
fault states. Therefore, outlier detection is very important to

find abnormal machines. He et al. [32] presented a definition
of cluster-based local outlier factor (CLOF) for identifying
the physical significance of an outlier. The definition can be
briefly described as follows.

Let the data set 𝐷 be a set of points. After 𝐷 is analyzed
by a clustering algorithm, the clustering result is described as
𝐶 = {𝐶

1
, 𝐶
2
, . . . , 𝐶

𝑘
}, where

𝐶
𝑖
∩ 𝐶
𝑗
= 𝜑, 𝐶

1
∪ 𝐶
2
∪ ⋅ ⋅ ⋅ ∪ 𝐶

𝑘
= 𝐷,

1 ≤ 𝑖, 𝑗 ≤ 𝑘, 𝑖 ̸=𝑗.

(14)

𝑘 is the number of the clusters. They then defined Large
Cluster (LC) and Small Cluster (SC) based on two parameters
[32]. For the limit of the space, we will not describe in detail.
Suppose that 𝐶 = {𝐶

1
, 𝐶
2
, . . . , 𝐶

𝑘
} is the set of clusters with

the sequence |𝐶
1
| ≥ |𝐶

2
| ≥ ⋅ ⋅ ⋅ ≥ |𝐶

𝑘
|, where that |𝐶

𝑖
| (𝑖 =

1, 2, . . . , 𝑘) is the number of the points in cluster 𝐶
𝑖
. As for

each data point 𝑡, the CLOF of 𝑡 is defined as

CLOF =

{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{

{

min (dis (𝑡, 𝐶
𝑗
))






𝐶
𝑖






,

where 𝑡 ∈ 𝐶
𝑖
, 𝐶
𝑖
∈ 𝑆𝐶, 𝐶

𝑗
∈ 𝐿𝐶,

dis (𝑡, 𝐶
𝑖
)






𝐶
𝑖






,

where 𝑡 ∈ 𝐶
𝑖
, 𝐶
𝑖
∈ 𝐿𝐶,

(15)

where dis(𝑡, 𝐶
𝑖
) is the distance between 𝑡 and 𝐶

𝑖
, which

can be calculated by any distance formula in the clustering
algorithm.

CLOF gives the way to measure the degree of the data
point being an outlier. CLOF can indicate the degree of the
abnormal machine departing from its nearest large cluster.
But this nearest large cluster may represent machines with
degradation performance. In fact, people are more interested
in the degree of the outlier departing from machines with
normal performance. A factor is needed to measure not
only local but also global departing degree of outliers. So
we suggest a definition of cluster-based global outlier factor
(CGOF). Consider

CGOF =

{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{

{

min (dis (𝑡, 𝐶
𝑗
))






𝐶
𝑖






∗ 𝐶𝑉 (𝐶
𝑗
) ,

where 𝑡 ∈ 𝐶
𝑖
, 𝐶
𝑖
∈ 𝑆𝐶, 𝐶

𝑗
∈ 𝐿𝐶,

dis (𝑡, 𝐶
𝑖
)






𝐶
𝑖






∗ 𝐶𝑉 (𝐶
𝑖
) ,

where 𝑡 ∈ 𝐶
𝑖
, 𝐶
𝑖
∈ 𝐿𝐶,

(16)

where 𝐶𝑉(𝐶
𝑗
) is the mean confidence value of all objects

in the cluster 𝐶
𝑗
, which can be obtained by any vertical
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Table 2: The comparisons of clustering time of three projection
ways.

Algorithms Random projection PCA projection KPCA
projection

Clustering time(s) 192.36 132.43 94.66
Time saved (%) \ 31.15% 50.79%

assessing method. CGOF is gotten by CLOF multiplying
a factor. The factor is the degree which describes that the
outlier’s nearest cluster degrades from the normal state.
CGOF can measure not only local outlying degree but also
global outlying degree of abnormal machine, which is very
helpful to assess machine’s performance.

4. Case Study and Analysis

We then used the ACK algorithm in a dataset which came
from the monitoring data of the axial fans in one water
cooling plant. There are 32 fans which are distributed in
different places of the plant. The data of the fans are collected
by the field bus to the server. These fans are of the same
structure and work in the similar condition. They can com-
pare each other to assess their performance. Three attributes
to describe the fan’s performance are gotten. They are the
bearing temperature, the motor current, and the vibration of
the spindle.

4.1. The Horizontal Assessment Based on ACK. We design
two algorithms to compare with ACK. One applies ran-
dom projection, and the other applies PCA projection. The
clustering parts of two algorithms are the same as those in
ACK. Figure 5 shows the comparison of three algorithms
on the initial projections and the results after 600 cycles.
Randomprojection needs a long time to create rough clusters.
Some small rough clusters can be found after about 600
cycles. Compared with random projection, PCA and KPCA
projection can create rough clusters at the initial stage. KPCA
projection can create more separate and compressed clusters
compared with PCA projection. These rough clusters can
provide bases to create larger clusters around them, so the
clustering time will be saved significantly.

Table 2 shows the comparison of clustering time. All the
algorithms are run 10 times to get the average clustering time.
The saved time is computed based on the time of random
projection. Both PCA and KPCA projections can save time
because of the creations of rough clusters at initial stage.
KPCA can save more time compared with PCA. Compared
with random projection, KPCA can save almost a half part of
time.

The parameters of ACK in this case are listed as follows
𝑡max = 2000, 𝑟 = 2, 𝛽 = 0.1, 𝜎 = 0.75. Figure 6 shows the
final clustering results.The fans are clustered to three different
groups. The features of each group are listed in Table 3.

To compare and validate the clustering results, we use
other three methods, 𝐾-means, 𝐾𝐾-means (Kernel 𝐾-
means), and SOM, to cluster the data. As for 𝐾-means and

𝐾𝐾-means, we set the number of cluster centers as three.
SOMdoes not need this prior knowledge. Actually, SOM gets
the number of the clusters as four. But there are only two fans
in the fourth cluster. For certain points, these four methods
get disputable results, which are listed in Table 4. We can see
that ACK gets the similar results with𝐾𝐾-means.The reason
is that these two algorithms cluster the data in the feature
space after kernel mapping. Except for fans number 3 and
number 10, the clustering results of ACK are consistent with
the final possible conclusions.

Through above analysis, we can see that the performance
assessment of the axial fans can be achieved by ant-based
clustering algorithm in a self-organizing way. The number
of the clusters is not needed as a prior knowledge here.
In the present condition monitoring system, a lot of data
created by a fleet of machines, like fans and motors, are not
used sufficiently. The common style to process these data is
showing them in the display screen, or giving the diagrams
of certain important parameters. The comparison among
machines in a fleet has not been performed.

Figure 7(a) shows the radar chart of the temperature
feature of axial fans. Around the circumference is the number
of fans, and the corresponding radial value is its temperature.
The advantage of radar chart is that it can compare one single
feature for machines clearly. Some special points, such as the
minimum and maximum points, can be easily detected for
each feature. But it cannot show the comparison of the general
performance including all the features. Figure 7(b) shows the
combination of ant-based clustering assessing results with the
radar chart of the temperature. Different signs and colors
are used to identify the different clusters. So we can easily
recognize which group the fan belongs to and pay more
attention to its difference with its similar ones. But this chart
still cannot show the comprehensive performance of each
machine. We will show the final assessing results of radar
chart in Section 4.3where the clustering results are fusedwith
the vertical assessing results of the single machine.

4.2.TheVertical Assessment Based on CMAC. If the historical
data of one fan for a long time can be gotten, CMAC can be
used to assess the fan’s performance degradation during its
running. In this case, we can get the full monitoring data of
fan number 7. Figure 8 shows the averaged features every day.
The initial running states of 46 days are taken as the normal
states. The Confidence Values (CVs) at these days are 1. Then
the features and CVs are inputted to CMAC to train it. The
training parameters in this case are 𝑟 = [1, 10, 1], 𝛽 = 1.0,
and Max cycle = 1000. After CMAC is trained, the features
at the operational condition are inputted to CMAC to get the
CVs outputs. Figure 8 shows the CV outputs from CMAC.
TheCVs at different time can show the degree of performance
degradation based on the normal state.

As for the single machine’s performance assessment, the
best way is that the machine’s historical data can be collected.
But the historical data may be not rich enough for every
machine in a fleet because of all kinds of reasons. In our case,
if only the data of fan number 7 is full and collected for a
long time, can we assess the other fans’ performance based
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Figure 5: The comparison of three projection ways and clustering results after 600 cycles.
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Table 3: The features of three clusters (L: low; M: medium; H: high).

Cluster Number of fans Members Current (A) Temperature (∘C) Vibration (mm)
C1 8 1, 4, 5, 11, 16, 17, 18, 19 200.10 (L) 44.80 (L) 6.24 (L)
C2 10 2, 3, 6, 7, 8, 20, 21, 27, 28, 29 222.59 (H) 50.76 (H) 7.45 (M)
C3 14 9, 10, 12, 13, 14, 15, 22, 23, 24, 25, 26, 30, 31, 32 208.95 (M) 48.25 (M) 9.09 (H)

0 10 20 30 40
0

5

10

15

20

25

30

x

y

C1

C2

C3

Figure 6: The final clustering results of ACK.

Table 4: The points with disputable clustering results in four
methods.

Fan no. ACK K-means KK-means SOM Final conclusion
3 2 2 3 3 2 or 3
10 3 1 3 1 3 or 1
25 3 1 3 2 3
27 3 3 3 4 3
31 3 1 3 3 3
32 3 3 3 4 3

on these data? In the next section, we will discuss how to fuse
horizontal and vertical assessments to answer this question.

4.3. The Combination of Horizontal and Vertical Assessment
Results. In Section 4.1, horizontal comparison of all fans is
conducted using ant-based clustering algorithm. The used
data are the average features at the 240th day (which is shown
as the horizontal assessing time in Figure 8). In this section,
we will discuss how to combine horizontal and vertical
assessment results in two possible conditions.The first is only
that fan number 7 has a full historical data.The second is that
all fans’ historical data are collected sufficiently.

4.3.1. The Fans Have no Enough Historical Data except Fan
number 7. The conclusion of vertical assessment is that fan
number 7 has a confidence value 0.804. The conclusion of
horizontal assessment is that fan number 2 and number 7

are clustered in the same group. Then the simplest combined
conclusion is the confidence value of fan number 2 is around
0.804. If we can have another fan’s full historical data, for
example, fan number 6, then the confidence value of fans
number 2 can be gotten by averaging the confidence values of
fan number 7, and fan number 6 (fan number 2, fan number
7 and fan number 6 are clustered in the same group). By this
combination, although fan number 2 has no historical data,
we can also assess its performance based on its samemachine
in a fleet.

Moreover, we can set up another CMAC model. Use the
normal features of fan number 7 to train it (the output CV is
1); then the features of other fans at the horizontal assessing
time are inputted to CMAC to get the corresponding CV
outputs. Figure 9 shows a radar chart of all fans’ CVs in the
horizontal assessment time in Figure 8. Different clusters are
fitted in different circles. The figure can give a clear display
of the comprehensive performance comparison of fans. The
confidence values smaller than 0.5 should be paid more
attention because these machines are more likely to degrade
to a failure state. Although this assessment is only based on
one machine’s normal data, it is still a good way to assess a
fleet of machines especially in the case that the historical data
for most machines are not sufficient.

4.3.2. All Fans’ Historical Data Are Collected Sufficiently.
If all fans’ data can be collected sufficiently, the results
of horizontal and vertical assessments can be used to test
whether the assessing conclusion is consistent. For example,
the conclusions of vertical assessment are that fan number
7 has a confidence value 0.804 and fan number 2 has a
confidence value 0.798. The conclusion of horizontal assess-
ment is that fans number 2 and number 7 are clustered in
the same group. Then the results of horizontal and vertical
assessments are consistent. If fan number 2 has a confidence
value 0.398 (degraded seriously) while fans number 2 and
number 7 are still clustered in the same group in horizontal
assessments, the results of horizontal and vertical assessment
are contradictory.Then further analysis should be conducted
to make sure which conclusion is correct. For example, other
clustering methods or vertical assessing methods should be
used to analyze data again.

4.4. Discussion on Outlier Mining Based on Assessing Results.
We use an example to show how to detect the outliers by ant-
based clustering.During the operation of the fans, an artificial
interference is added to three fans to make their vibration
higher than normal operation. The clustering results of the
fans are shown in Figure 10.

Three outliers are obviously clustered to a single cluster
C4. C4 is a small cluster. Based on the analysis of Section
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3.1.3, we get that the local neighborhood cluster of C4 is
C3. Actually, based on the assessment results, the cluster C3
is a group with degradation state. The average CV of C3 is
0.677.Then the outlier factors can be computed using (15) and
(16) in Section 3.4. The outlier factors are listed in Table 5.
We can see that the factors can quantitatively represent the
outlying degree of each outlier. The outliers should be paid
more attention because they may mean that the abnormal
behavior has happened.

5. Conclusions

A combined method of ant-based clustering and CMAC
is suggested to assess the performance of machines in a
fleet. Machines in a fleet can be compared to each other
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Figure 9: The confidence values comparison of fans.

because they have the same structures and work in the same
condition. Ant-based clustering algorithm does not need
any prior knowledge. It is proper to cluster machines in a
self-organizing way. The application of kernel in ant-based
clustering can improve the efficiency and clustering accuracy,
which is achieved by modifying projection based on KPCA
and clustering in feature space. The paper also described
vertical assessment method based on CMAC for the single
machine.The confidence value of themachine can indicate its
degradation degree compared with historical normal data.
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Table 5: The outlying degree of three outliers.

Fan no. CLOF CGOF
23 5.1776 3.505
24 2.0163 1.365
25 3.5836 2.426

The suggested method was finally used for assessing the
performance of axial fans. The results show that the method
performs well. The method gives performance assessment
for the machines in time domain and space domain. Even
if the historical data of one machine is not available, the
performance analysis can be conducted based on its similar
ones in the fleet.

The following items are needed to be further studied:

(i) the adaptive adjusting method of the parameters in
ACK algorithm,

(ii) the applications of the method in more datasets,
(iii) the deep fusion of vertical and horizontal assessing

results.
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To maintain safe operation of the tower crane, it is important to monitor the activities of the hook system. Visual monitoring and
image recognition are the optimummethods for crane hook tracking and precision hoisting. High real-time performance and low
computation requirements are required for tower crane hook capturing and tracking systemwhich is implemented on the embedded
Advanced RISC Machines (ARM) processor or Microcontrol Unit (MCU). Using the lift rope of a tower crane as the target object,
a new high-performance hook tracking method suitble for ARM processor or MCU applications is presented. The features of the
lifting process are analyzed, and an improved progressive probabilistic Hough transform (IPPHT) algorithm is proposed which can
reduce capturing time by up to 80%. Combining color histogram with a binary search algorithm, an adaptive zooming method for
precise hoisting is presented. Using this method the optimum zoom scale can be achieved within a few iterations.

1. Introduction

Tower cranes are important hoisting machinery widely used
for construction. Advancing toward large-scale, high-speed,
and automated operation leads to dramatic increases in losses
caused by accidents that increase dramatically in the tower
crane industry. Although many safe standards have been
formulated, the recent spate of tower crane accidents has
casted a spotlight on the need for tower crane safety [1].
Load hoisting is the most critical task performed by tower
cranes, determining project quality, and it is during this task
that accidents occur. Automatic monitoring and controlling
of hoisting cannot only reduce the severity and numbers of
tower crane accidents but also improve operation quality and
efficiency.

Working safety in tower crane operation has recently
been highlighted, and many types of safety devices have
been designed.These devices can be divided into two classes:
devices used to protect equipment from overloading [2, 3]
and devices used to keep people away from hazard zone
[4, 5]. Loads are often lifted over building constructions, thus
resulting in blind zone for operators. Blind lifting is one of
themain practices that adversely affect tower crane safety [6].

Hoisting processmonitoring is a usefulway to avoid blind lift-
ing. However, little information can be provided to monitor
the hoisting process using the aforementioned devices fore-
mentioned. The hoisting process can be characterized by the
motion of crane hooks; thus, capturing and tracking of crane
hook motion are feasible methods for hoist-monitoring and
evaluation.

Visual monitoring of working activities through the
installation of surveillance cameras has become prevalent
in the construction industry. A previous study detailed the
development of a tower-crane-mounted live video system [7].
On-site testing proved that the system can improve site pro-
ductivity and safety, but the imagery lacked the visual depth
perception rendered by human eyes due toweak capacities for
adaptive tracking and zooming in the loads. Visual tracking
of a crane jib and trolley was used to monitor tower crane
activities [8]. Rather than focusing on detecting a specific
load carried by the tower crane, the hoisting activities of the
crane were inferred using information gathered from both
the crane jib and the trolley in conjunction with the layout
plans of the site considered. In another study, a crossmarkwas
labeled on the hook of a truck crane to facilitate recognition
by camera, and the hook was tracked using a PID control
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scheme [9].The recognition performancewas greatly affected
by the rotation angle of the hook, and it was determined
that the camera should be perpendicular to the crossmark.
Continuously adaptive mean shift (Camshift) is an efficient
tracking algorithm [10], and an improved Camshift tracking
algorithm was proposed for a testing system that performs
tower crane automatic tracking and zoom video monitoring
[11]. The Camshift algorithm is too complex to implement
using an Advanced RISC Machine (ARM) system, which is
used in field activity monitoring, thus leading to low real-
time performance for hook tracking. To measure the three-
dimensional position of a moving crane hook, hook motion
is tracked according to the variation in its area using optical
flow and orientation codematching [12]. In addition to image
processing techniques, virtual visualization and simulation
are also often adopted for activity tracking and project
management. Activities are reconstructed using a 3D or 4D
model of the crane according to real-time monitoring data
and building information modeling (BIM) [13–15]. Virtual
visualization and simulation are advanced methods used for
projectmanagement, but their output is too rough for activity
tracking and precision hoisting due to a lack of detailed
information regarding the activities performed by a crane and
the crane’s surroundings.

Currently, visual monitoring and image recognition are
still the premier methods for crane hook tracking and
precision hoisting. High real-time performance and low
computation complexity are two key attributes of a practical
tracking algorithm used for real-world applications. The
controller of the tower crane hook capturing and tracking
system is usually ARM-based or MCU-based. However, the
operational capabilities of these processors are inferior to
those of a personal computer; thus, more efficient algorithms
are needed to guarantee high real-time performance. By
selecting the lift rope of a tower crane as the captured object,
a new highly efficient hook tracking method suited for ARM
or MCU applications is presented in this paper. The hoisting
features and reasons for selecting the rope as the captured
object are analyzed, and an improved progressive proba-
bilistic Hough transform (IPPHT) algorithm is proposed,
which reduces the computational time by almost 80%. In this
study, an adaptive zooming method for precision hoisting
was developed by integrating color histograms with a binary
search algorithm. The method was tested, and the results are
herein presented.

2. System Architecture and Information Flow

Figure 1 is an illustration of the system architecture designed
for the adaptive load capturing and tracking of a tower crane
hook. The image information recorded by the camera is
converted from analog to digital, and the IPPHT algorithm is
then applied to capture themovement of the rope and to track
the trajectory of the hook quickly and accurately. ACamshift-
based adaptive zooming algorithm integrating color his-
tograms with a binary search algorithm is implemented and
executed to provide a detailed observation of hook activities
and the surroundings, which is necessary for safe, precision

hoisting. The functions of capturing, tracking, and zooming
are performed by a pan-tilt camera controlled by the PELCO-
Protocol. The capturing and tracking video can be displayed
for field monitoring and operation guidance; moreover, the
imagery can be transmitted to a remote server for activity
monitoring and project management after being compressed.
The IPPHT-based capturing and tracking algorithm and
adaptive zooming algorithm are the key components of the
system, especially when the system is implemented using
an ARM9 processor, which demands high computation
efficiency. The algorithms are described in Section 3 and
Section 4, respectively.

3. IPPHT-Based Algorithm for Rope
Capturing and Hook Tracking

3.1. Analysis of Rope Features during Hoisting. One of the
purposes of capturing and tracking hook movements is to
maintain a suitable size for the hook and its load in the center
of the visual field.There are two factors thatmake it difficult to
select the hook and its load as the objects to be captured and
tracked. One is the fact that many shape features generated
by buildings are intermingled with images of the hook and its
load; the other is the fact that the shape and size of the hook
in visual field vary greatly with changes in the rotation and
position of the hook when hoisting.

Figures 2(b) and 2(d) are images of the rope and hook
obtained from the images as shown in Figures 2(a) and
2(c), respectively, using the Canny edge detection algorithm.
Compared with the hook, the hoisting rope offers some
advantages as the object to be captured and tracked. First,
the hook is connected to the end of the rope; therefore, the
hook position can be indicated using the coordinates of the
end point of the rope. Second, the shape of the hoisting rope
is linear; thus, the rope is easily recognized and captured
compared to the complex shape of the hook. Finally, the rope
end only slides vertically to the ground; therefore, it can be
conveniently tracked. We observed the following features of
the hoisting rope and hook.

(1) The rope is nearly perpendicular to the ground with
𝜃 ≤ ±20

∘, where 𝜃 is the swing angle of the rope.
(2) As illustrated in Figure 2, the rope in the images pro-

cessed using the Canny edge detection is represented
by two parallel edges. However, it may be become a
single edge due to the noise generated on one side of
the ropewhen the image is taken from a long distance.

(3) As illustrated in Figure 2(b), a slight curve sometimes
appears in the rope images due to wind effects or the
swimming of suspension arm. As a result, the line
detection algorithmmay fail and many line segments
with slopes may be generated.

(4) In addition to the rope, many other line shapes
generated by steel structures and buildings are also
detected in the images.

3.2. Rope Capturing and Hook Tracking Based on Improved
Progressive Probabilistic Hough Transform (IPPHT). The
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Figure 1: Overall architectures of adaptive load capturing and tracking system.
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Figure 2: Images of rope and hook processed by Canny edge detection algorithm.

Hough transform (HT) is a popular and robust method
for detecting lines in an image [16]. However, high com-
putational and storage requirements are the drawbacks of
the standard Hough transform (SHT) applied for real-time
detection. Moreover, this simple transform fails to determine
any information regarding the lengths or the start and
end points of lines. Therefore, many variations of Hough’s
original transform have been proposed. The progressive
probabilistic Hough transform (PPHT) can minimize the
proportion of points that are used in voting when trying to
maintain false-negative and false-positive detection rates at
the level achieved by SHT [17]; thus, the requirements of
computational and storage requirements can be reduced. On
the other hand, the output of the PPHT can be denoted by the
coordinates of the two end points of a line segment, which
makes the transform suited for detecting the lift rope of a
tower crane.

Although the computational and storage requirements
are reduced, the PPHT is still too complex for the system
shown in Figure 1, in which image recognition and tracking
are implemented using an ARM-based system. Test reveals
that the algorithmwill spend 2 s to 3 s to detect imagemeasur-
ing a picture of 160 × 320 pixels using an S3C2440 processor
at the basic frequency of 400MHz. On the other hand,

the PPHT is not satisfactory for the detection of a rope with
the featuresmentioned in Section 3.2.Thus, an improved pro-
gressive probabilistic Hough transform (IPPHT) is presented
for hoist rope detection and hook capture.

3.2.1. Progressive Probabilistic Hough Transform with Angle
Constraints. Let (𝜌, 𝜃) denote a point in the parameter space
and (𝑥, 𝑦) denote a point on a straight line in the image space;
the parameter 𝜌 represents the distance between the line and
the origin, whereas 𝜃 is the angle of the vector from the origin
to the closest point on the line. The basic mapping relation is
expressed as follows [16]:

𝜌 = 𝑥 cos 𝜃 + 𝑦 sin 𝜃. (1)
Figure 3 illustrates themapping relation of theHT for line

detection. As shown in Figure 3, 𝜃 is also the angle of the line
relative to the 𝑦-axis. Because the lift rope swings only from
−20∘ to +20∘, a constraint of 𝜃 ∈ [−20∘, 20∘] is applied to
(1) for the lift rope detection. Thus, (1) can be expressed as
follows:

𝜌 = 𝑥 cos 𝜃 + 𝑦 sin 𝜃, −20

∘
≤ 𝜃 ≤ 20

∘
. (2)

Let𝑁
𝜃
denote the number of bins for the angle, and let𝑁

𝜌

denote the number of bins for the distance from the origin.
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The parameter space is divided into 𝑁
𝜌
× 𝑁
𝜃
accumulators,

which can be represented by the two-dimensional array
𝐴[𝑚][𝑛]. 𝑎[𝑖][𝑗] is the element of the 𝑖th row and the 𝑗th
column, which is used to store the vote number at the
parameter pair (𝜌

0
+ 𝑖Δ𝜌, 𝜃

0
+ 𝑗Δ𝜃) and

𝜌
0
= [𝜌min] = max {𝑛 ∈ 𝑍 | 𝑛 ≤ 𝜌min} ,

Δ𝜌 = 1, Δ𝜃 = 0.5

∘
,

𝜃
0
= −20

∘
.

(3)

𝜌min is the minimum of 𝜌. Figure 4 illustrates the range
of 𝜌. Because the camera is mounted on the beam of the
crane and the lift rope swings only from −20∘ to +20∘, the
rope should appear in the middle zone of the visual field.

If the width of the image is 𝑎 and image height is 𝑏, then
a subzone from 0.25a to 0.75a along the 𝑥-direction can be
selected as the rope detection zone. The zone can be derived
from Figure 4 as follows:

𝜌min = 0.25𝑎 cos 20
∘
− 𝑏 sin 20∘,

𝜌max = 0.75𝑎 cos 20
∘
+ 𝑏 sin 20∘.

(4)

𝜌max is the maximum of 𝜌. Thus,

𝑁
𝜌
= {𝑛 ∈ 𝑍 | 𝑛 ≤

(𝜌max − 𝑝min)

Δ𝜌

} ,

𝑁
𝜃
=

(20

∘
− (−20

∘
))

Δ𝜃

= 80.

(5)

The PPHT algorithmwith angle constraint is improved as
follows.

Step 1. Define a subzone as shown in Figure 4 for lift rope
detection.

Step 2. Obtain an image with the Canny edge detection
algorithm.

Step 3. Check the input image; if it is empty, then terminate.

Step 4. Vote into the accumulator with a single pixel ran-
domly selected from the input image according to (2).

Step 5. Check if the highest peak in the accumulator that
was modified by the new pixel is higher than predetermined
threshold thr(𝑁). If it is not, then go to Step 4. The threshold
thr(𝑁) is determinedwith a probability estimationwhichwill
be described in the next section.

Step 6. Search along a corridor specified by the peak in
the accumulator, and find the longest segment that either is
continuous or exhibits a gap not exceeding a given threshold.
Eliminate noises and amend curves when searching.

Step 7. Remove the pixels in the segment from the input
image.

Step 8. Cancel the accumulator votes of all the pixels from the
line that have previously voted.

Step 9. If the line segment is longer than the minimum
length, add it to the output list.

Step 10. Go to Step 3.

3.2.2. Termination Condition for Voting. In the IPPHT, the
termination of voting is based on monitoring the polling
process. The criterion is based on a measure of stability
of the ranks of the highest peaks [17]. Let 𝐶(𝜌, 𝜃) denotes
the voting number at parameter pair (𝜌, 𝜃); thus, 𝐶(𝜌, 𝜃) is
an independent random variable with binomial distribution
𝐵(𝑁, 𝑝), where𝑁 is the number of edge pixels that have voted
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so far and 𝜌 = 1/𝑁
𝜌
is the probability of selecting a particular

bin with a given 𝜃. The termination condition for voting is

𝑃 (𝐶 (𝜌, 𝜃) > thr (𝑁)) < 𝑙. (6)

In (5), thr(𝑁) is a threshold that needs to be determined,
and 𝑙 = 5% is a user parameter that indicates the number of
false positives.

It has been proved that results identical to those of SHT
can be obtained even if only a fraction of input points as low
as 2% is used in the voting process of the PPHT [17]. Let
𝑁 = 50 and𝑁

𝜌
≫ 10 (𝑝 = 1/𝑁

𝜌
≪ 0.1); thus, the binomial

distribution 𝐵(𝑁, 𝑝) can be well approximated by a Poisson
distribution 𝑃(𝜆), where 𝜆 = 𝑁𝑝 = 𝑁/𝑁

𝜌
. Therefore, the

value of thr(𝑁) can be obtained using a single lookup in the
Poisson distribution table.

3.2.3. Search Method of Line Segment for Noise Elimination
and Curve Amendment. To eliminate edge noises and to
amend the curve in the rope image mentioned in Section 3.1,
a line segment search method is used. Figure 5 illustrates
the search method. The line representing the lift rope in the
processed image is nearly parallel to the 𝑦-axis, with an angle
varying from −20∘ to 20∘. Suppose 𝐼(𝑖

0
, 𝑗
0
) is a point on the

line. A line segment perpendicular to the 𝑦-axis is selected
as the search section. 𝐼(𝑖

0
, 𝑗
0
) is the midpoint of the search

section. Define

𝑇
𝑖
0
,𝑗
0

= ∨

𝑖
0
−𝑛≤𝑖
0
≤𝑖
0
+𝑛

𝑗=𝑗
0

𝑃
𝑖,𝑗
.

(7)

Then, 𝑇
𝑖
0
,𝑗
0

is selected as the condition to determine whether
the search should end or continue.

If 𝑇
𝑖
0
,𝑗
0

= 1, then 𝑖
0
= 𝑖
0
+ 𝑑𝑖, 𝑗

0
= 𝑗
0
+ 𝑑𝑗, and the search

process continues.
If 𝑇
𝑖
0
,𝑗
0

= 0, then the search process ends, and 𝐼(𝑖
0
, 𝑗
0
) is

the end point of the line.
In (7), 𝑃

𝑖,𝑗
is a Boolean variable. 𝑃

𝑖,𝑗
= 1 indicates that

a pixel exists at coordinates (𝑖, 𝑗), and 𝑃
𝑖,𝑗
= 0 indicates that

there is no pixel at coordinates (𝑖, 𝑗). 𝑛 is the half width of the
banding neighborhood.

The voting rule is modified relative to the rule in the
PPHT in order to eliminate the edge noise and to amend
the curve in the rope image mentioned in Section 3.1. As
illustrated in Figure 5, point 𝐼(𝑖

0
, 𝑗
0
) is the midpoint of

the line, and point 𝐼(𝑖, 𝑗) is a random point in the search
section at point 𝐼(𝑖

0
, 𝑗
0
). Moreover,

𝑖


= 𝑖
0
+ Δ𝑖,

𝑗


= 𝑗
0
.

(8)

Define 𝐶(𝜌, 𝜃) as the voting number at (𝜌, 𝜃); the initial
value of 𝐶(𝜌, 𝜃) is 𝐶(𝜌, 𝜃) = 0. Consider

𝐴 = {(𝜌, 𝜃) | 𝜌 = 𝑖
0
cos 𝜃 + 𝑗

0
sin 𝜃 and − 20∘ ≤ 𝜃 ≤ 20∘} ,

𝐵 = {(𝜌, 𝜃) | 𝜌 = 𝑖

 cos 𝜃 + 𝑗 sin 𝜃 and − 20∘ ≤ 𝜃 ≤ 20∘} .
(9)

The new voting rule then is expressed as follows.
If 𝑃
𝑖
0
,𝑗
0

= 1, then the operation of 𝐶(𝜌, 𝜃) = 𝐶(𝜌, 𝜃) + 1 is
executed for all elements in A.

If 𝑃
𝑖

,𝑗
 = 1, then the operations of 𝐶(𝜌, 𝜃) = 𝐶(𝜌, 𝜃) − 1

are executed for all elements in B, and at the same time the
operation of 𝐶(𝜌, 𝜃) = 𝐶(𝜌, 𝜃) + 1 is executed for all elements
in A.

3.3. Precision and Efficiency of IPPHT Compared to Those in
PPHT. Figures 6(a) and 6(b) are two edge images processed
with the Canny edge detection algorithm for the lift rope
of a tower crane. Figures 6(c) and 6(d) are the detection
results obtained from the images in Figures 6(a) and 6(b),
respectively, using the PPHT. In Figure 6(c), the edge of the
rope is a nonsingle-pixel edge and is regarded as two parallel
lines. In Figure 6(d), only parts of the rope are detected due
to the slight curve of the rope. Figures 6(e) and 6(f) are the
detection results obtained from the images in Figures 6(a)
and 6(b), respectively, using the IPPHT. The test conditions
used for the PPHT and IPPHT are the same. The width of
search section in the IPPHT is 5 pixels. The detection results
presented in Figures 6(e) and 6(f) are more accurate than
those presented in Figures 6(c) and 6(d). An added line
segment generated by the steel structure is also detected, but
it can be excluded by defining a valid image zone. The rope
should appear at the center of the image along the 𝑥-direction
due to the relative position of the camera and the rope; thus,
only the line nearest to the center of the image is selected as
the rope image. All other lines should be excluded.

The algorithms were implemented with an S3C2440
processor-based ARM system at 400MHz using a Linux
operation system. The computation times for images shown
in Figures 6(c) and 6(d) were 2998ms and 3001ms, respec-
tively.The computation times for the images shown in Figures
6(e) and 6(f) were 417ms and 617ms, respectively.Therefore,
the IPPHT algorithm is suitable for real-time detection and
monitoring.

3.4. Implementation of Hook Autotracking Based on IPPHT.
The tracking process of the hook is implemented in the
following steps:

(1) detect the rope with the IPPHT;
(2) to search the end point of the line segment downward

along the line, take the end point as the starting
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Figure 6: Detection results using both PPHT and IPPHT.

position of the hook, and then save the coordinates
of the end point;

(3) sample the hook position periodically in intervals
of 1 s; then, adjust the pitch angle of the camera
according to the change in the hook position using
PID algorithm.

4. Adaptive Zooming for Precision Hoisting

The size of the hook that appears on the monitor should
be adjusted to satisfy the requirement for precision hoisting.
Object recognition must be performed before the hook size
to be adjusted appears on the monitor.The shape of the hook
system is intricate; moreover, its image shape on the monitor
varies with the rotation and translation of the hook. Hook
systems are often painted with striking colors, typically a
combination of yellow and black, black and red, or yellow and
red, to provide warning. Therefore, color is a suitable feature
for hook system image retrieval. Color histograms have
been used extensively for image retrieval and recognition
due to their rotation- and translation-invariant properties.
To improve the retrieval speed, a hook image zooming
algorithm combining color histograms with a binary search
was proposed.

Figure 7 illustrates the color histogram developed using a
binary search.𝑃

0
(𝑥
0
, 𝑦
0
) is the end point of the lift rope, and𝐴

is the hook system image zone. 𝐵 is a block used to determine
the size of the hook system, 𝑙 = 𝐿/4, and 𝐿 is the width of
the vision field. To eliminate the effects of an irregular rope
shape, let Δ𝑦 = 10 pixels and ℎ = 20 pixels.

Suppose𝑅
𝑖𝑗
, 𝐺
𝑖𝑗
, and 𝐵

𝑖𝑗
are the R, G, and B component

values of pixel point 𝑃(𝑖, 𝑗) in RGB color space respectively.
Define the maximum and minimum component values of
𝑅
𝑖𝑗
, 𝐺
𝑖𝑗
, 𝐵
𝑖𝑗
asM and𝑚 [18]:

𝑀
𝑖𝑗
= max (𝑅

𝑖𝑗
, 𝐺
𝑖𝑗
, 𝐵
𝑖𝑗
) ,

𝑚
𝑖𝑗
= min (𝑅

𝑖𝑗
, 𝐺
𝑖𝑗
, 𝐵
𝑖𝑗
) ,

𝐶
𝑖𝑗
= 𝑀
𝑖𝑗
− 𝑚
𝑖𝑗
,

𝑉
𝑖𝑗
= 𝑀
𝑖𝑗
.

(10)

Define

𝐻
𝑖𝑗
(𝛼, 𝛽) = {

1 if 𝐻
𝑖𝑗
∈ [𝛼, 𝛽] ,

0 if 𝐻
𝑖𝑗
∉ [𝛼, 𝛽] .

(11)
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In (11)𝐻
𝑖𝑗
is the value of the component H in HSV color

space at pixel point𝑃(𝑖, 𝑗).𝐻
𝑖𝑗
is transformed fromRGB color

space [19]. Consider

𝐻
𝑖𝑗
=

{
{
{
{
{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{
{
{
{
{

{

ar cos
(𝑅
𝑖𝑗
− 𝐺
𝑖𝑗
) + (𝑅

𝑖𝑗
− 𝐵
𝑖𝑗
)

2
√
(𝑅
𝑖𝑗
− 𝐺
𝑖𝑗
)

2

+ (𝑅
𝑖𝑗
− 𝐵
𝑖𝑗
) (𝐺
𝑖𝑗
− 𝐵
𝑖𝑗
)

,

B
𝑖𝑗
≤ G
𝑖𝑗
,

360−ar cos
(𝑅
𝑖𝑗
− 𝐺
𝑖𝑗
)+(𝑅
𝑖𝑗
− 𝐵
𝑖𝑗
)

2
√
(𝑅
𝑖𝑗
− 𝐺
𝑖𝑗
)

2

+(𝑅
𝑖𝑗
− 𝐵
𝑖𝑗
) (𝐺
𝑖𝑗
− 𝐵
𝑖𝑗
)

,

B
𝑖𝑗
> G
𝑖𝑗
,

(12)

Define

𝑝 =

𝑦
0
+𝑑𝑦+ℎ

∑

𝑗=𝑦
0
+𝑑𝑦

𝑥
0
+Δ𝑥

∑

𝑖=𝑥
0
−Δ𝑥

[𝑎
0
(𝑖, 𝑗) + 𝑎

1
(𝑖, 𝑗)

+𝑎
2
(𝑖, 𝑗) + 𝑎

3
(𝑖, 𝑗)] ,

𝑝
1
=

𝑝

2Δ𝑥 ⋅ ℎ

.

(13)

In (13),

𝑎
0
(𝑖, 𝑗) = {

1 if 𝐶
𝑖𝑗
= 0 and 𝑉

𝑖𝑗
< 34

0 if 𝐶
𝑖𝑗
̸=0 and 𝑉

𝑖𝑗
≥ 34,

𝑎
1
(𝑖, 𝑗) = 𝐻

𝑖𝑗
(55, 65) ,

𝑎
2
(𝑖, 𝑗) = 𝐻

𝑖𝑗
(115, 125) ,

𝑎
3
(𝑖, 𝑗) = 𝐻

𝑖𝑗
(100, 120) .

(14)

Figure 8: An instance of zooming result.

The color of point 𝑃(𝑖, 𝑗) is determined as follows:

if 𝑎
0
(𝑖, 𝑗) = 1, then the color of point 𝑃(𝑖, 𝑗) is black;

if 𝑎
1
(𝑖, 𝑗) = 1, then the color of point 𝑃(𝑖, 𝑗) is

tangerine;
if 𝑎
2
(𝑖, 𝑗) = 1, then the color of point 𝑃(𝑖, 𝑗) to red;

if 𝑎
3
(𝑖, 𝑗) = 1, then the color of point 𝑃(𝑖, 𝑗) is yellow.

The proportions of black, tangerine, red, and yellow
colors in the zone are calculated using (13), and a binary
search of the image zone of the hook system is then executed
as follows:

if 𝑝
1
< 0.85, let Δ𝑥 = Δ𝑥/2, and then recalculate 𝑝

and 𝑝
1
as indicated in (13);

if 𝑝
1
> 0.9, let Δ𝑥 = 2Δ𝑥, and then recalculate 𝑝 and

𝑝
1
as indicated in (13);

if 0.85 < 𝑝
1
< 0.9, then end the search, and take 2Δ𝑥

as the width of the hook system image.

Once the width of the hook system image in the current
vision field is obtained, the camera is zoomed to make sure
that 2Δ𝑥 is one-tenth to one-eighth of the width of the vision
field in the monitor. Figure 8 shows an instance of the width
of the hook system being zoomed to one-eighth of the vision
field, for which only four iterations are executed.

5. Conclusion

Automatic monitoring and controlling of load hoisting can
not only reduce the severity and number of tower crane
accidents but also improve operation quality and efficiency of
tower crane. Using the lift rope of a tower crane as the object
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to be captured, an IPPHT-based hook tracking algorithmwas
proposed and analyzed.The hook can be tracked quickly and
accurately. Greatly reducing the computation complexity and
storage requirements allows the algorithm to excel in ARM
systems, which are widely adopted in the field control and
monitoring of tower cranes. The algorithm can reduce the
capture time to almost 80% that of the PPHT algorithm. A
zooming algorithm in which color histograms are combined
with a binary search algorithm was also proposed and
analyzed to adjust the hook system to a suitable size on
display monitors for precision and safe lifting. Only relevant
colors are calculated, and the optimum zooming scale can
be achieved in only a few iterations. The validity of the
algorithms was tested.
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Wind turbines are mainly located in harsh environment, and the maintenance is therefore very difficult. The wind turbine faults
are mostly from the gear box, and the fault signal is generally nonlinear and nonstationary.The traditional fault diagnosis methods
such as Fast Fourier transform (FFT) and the inverted frequency spectrum identification method based on FFT are not satisfactory
in processing this kind of signal. This paper proposes a hybrid fault diagnosis method which combines the empirical mode
decomposition (EMD) and wavelet transform. The vibration signal is analyzed through wavelet transform, and the aliasing in
high-frequency signals is then addressed by conducting EMD to the original signals. The experimental results based on a specific
wind turbine gear box demonstrate that this method can diagnose the faults and locate their positions accurately.

1. Introduction

With the increasing integration of wind energy in power grid,
wind turbine failure has become a significant issue. It has
great impact on the whole power system and may cause great
economic losses. Wind turbines are mostly located in harsh
environment such as mountain areas or hilly regions, and the
maintenance of the turbines is very difficult. As a result, the
detection of early fault symptoms is of particular importance.
Gear box is the core component in wind turbine and also the
part with a high failure probability. Failure of gear box will
affect the entire wind turbine. For example, the faulty part
may impact other elements while rotating, and the failure
information will be reflected in the gear box vibration signal
[1]. The vibration signal is thus usually used for the diagnosis
of gear box faults in wind turbines.

The popular techniques for analyzing the vibration signal
include Fast Fourier transform (FFT), inverted spectrum,
and signal modulation and demodulation. These methods
have the advantages of high speed and relatively satisfactory
accuracy and are often used in the actual fault diagnosis.
However, in gear box failures, the vibration signals returning
from the sensors tend to be nonlinear and nonstationary.
The classical spectrum analysis methods have some obvious

disadvantages in processing these time-varying vibration
signals, such as weak signal submerged by the side lobe of
strong signal, low-frequency resolution, and relatively serious
leakage of spectral side lobes [2]. The diagnostic results are
therefore often undesirable.

Currently, wavelet transform and empiricalmode decom-
position (EMD) time-frequency analysis are commonly used
for the processing of non-stationary signals. Wavelet trans-
form can map any signal to a set of base functions obtained
through dilation and translation of a mother wavelet, and it
is able to achieve a reasonable decomposition of the signals
in different frequency bands and at different time points.
However, complex aliasing may exist in the high-frequency
portion [3]. EMD, as a signal processing method for non-
linear and non-stationary signals, has a better performance
than the conventional methods, but it has difficulty in
isolating the signals within the second harmonic.

To address these problems, this paper proposes a hybrid
fault diagnosis method combining the EMD and wavelet
transform. First, the number of decomposition layers is
determined according to the vibration characteristic frequen-
cies of the gear box components, and the vibration signals
will be decomposed through wavelet transform. Secondly,
the fault information of different components is separated
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Figure 1: Flowchart of fault diagnosis process using the hybrid
diagnosis method.

into different wavelet transform results, and the signals are
then divided into high-frequency and low-frequency parts.
For the low-frequency signals, the frequency bands are
allocated purposely through wavelet transform. For the high-
frequency signals, if aliasing appears, which indicates that
the high-frequency energy in the vibration signals affects the
use of wavelet transform, EMD is then used to decompose
the original signals and analyze the first few decomposed
intrinsic mode components. Finally, the fault conditions of
the corresponding components can be determined according
to their energy magnitudes.

2. Fault Diagnosis Based on EMD and
Wavelet Transform

2.1. Empirical Mode Decomposition Method. Empirical Mode
Decomposition (EMD), proposed by Huang et al. in 1998,
is a new method for decomposing any signal into the
composition of intrinsic mode components (also called IMF)
based on an in-depth study of the instantaneous frequency of
the signal [4]. The method considers that all the signals are
made up of a series of intrinsic mode components, and each
component contains part of the characteristics of the original
signal. The biggest difference between EMD and wavelet
transform is that wavelet transform needs to preset a specific
wavelet basis function, and the decomposition depends on
the basis function, whereas EMD obtains an adaptive basis
function which varies in terms of different signals. At this
point, EMD is an innovation for basis function [5–12].

After EMD, each intrinsicmode components satisfies two
conditions: (1) in the entire data sequence, the number of
poles (including the maximum and minimum points) and
that of zeros must be equal or differ less one; and (2) at any
time point, themean of the upper envelope curve determined
by the local maxima of the signal and that of the lower
envelope curve determined by the localminima are both zero.
For any original signal 𝑥(𝑡), the EMD process is as follows.

Step 1. Determine all the local extreme points of 𝑥(𝑡), and
connect the maxima and minima with a cubic spline curve
to form the upper and lower envelopes of the signal.

Step 2. Subtract the mean value 𝑚(𝑡) of the upper and
lower envelopes from 𝑥(𝑡) : ℎ

1
(𝑡) = 𝑥(𝑡) − 𝑚(𝑡), and

examine whether ℎ
1
(𝑡) satisfies the condition of intrinsic

mode component. If not, repeat the above operation until
ℎ
1
(𝑡) is an intrinsic mode component, and it is denoted as
𝑐
1
(𝑡) = ℎ

1
(𝑡).

Step 3. Decompose 𝑐
1
(𝑡) from 𝑥(𝑡), and obtain the remaining

sequence 𝑟
1
(𝑡) : 𝑟
1
(𝑡) = 𝑥(𝑡) − 𝑐

1
(𝑡).

Step 4. Take 𝑟
1
(𝑡) as a new “original” signal, and repeat

the above operation to obtain successively the second, the
third, until the nth intrinsic mode component, denoted as
𝑐
1
(𝑡), 𝑐
2
(𝑡), . . . , 𝑐

𝑛
(𝑡). The decomposition process ends until

the preset stop criteria are met. Finally, the remainder of the
original signal, 𝑟

𝑛
(𝑡), is left.

Through the above steps, the original signal is decom-
posed into a sum of 𝑛 intrinsic mode components and a
reminder:

𝑥 (𝑡) =

𝑛

∑

𝑖=1

𝑐
𝑖
(𝑡) + 𝑟

𝑛
(𝑡) . (1)

EMD stipulates two theoretical stop criteria: (1)when the
last intrinsic mode component or the remaining component
is lower than the expected value; and (2)when the remaining
component becomes a monotonic function, from which no
intrinsic mode component can be decomposed.

In the actual screening process, it is difficult to guarantee
the local mean value of the signal to be zero. Thus, the
screening can be stopped by limiting the standard deviation
between two successive processing results. The standard
deviation is calculated as follows:

𝑆
𝑑
=

𝑇

∑

𝑡=0






(ℎ
𝑘−1
(𝑡) − ℎ

𝑘
(𝑡))






2

ℎ

2

𝑘
(𝑡)

, (2)

where 𝑇 is the time span of the signal, ℎ
𝑘−1
(𝑡) and ℎ

𝑘
(𝑡)

are two consecutive sequences in the process of screening
intrinsic mode components, and the value of 𝑆

𝑑
is often

controlled within the range of [0.2, 0.3].

2.2. Wavelet Transform Method. Wavelet transform [13] is
essentially to decompose signal 𝑥(𝑡) into subsignals with
different frequency bands through basis function𝜑((𝑡−𝑏)/𝑎),
in which 𝑎 is a scale factor that controls contraction and
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Figure 2: Structure of the gear box in the experiment.

stretch of the waveform, and 𝑏 denotes the time-shift factor.
The wavelet is actually a family of functions generated by the
dilation and translation of basic wavelet or mother wavelet
[11, 12].Thewavelet transform of signal 𝑥(𝑡) can be denoted as

WT
𝑥
(𝑏, 𝑎) = 𝑎

−1/2
∫

∞

−∞

𝑥 (𝑡) 𝜑

∗
(

𝑡 − 𝑏

𝑎

)𝑑𝑡. (3)

Note that the wavelet transform of a signal is equivalent
to observe the signal through the changes of wavelet scale
factor and time-shift factor.Thewidth of the wavelet function
decreases, and the bandwidth increases when 𝑎 decreases;
otherwise, the width increases, and the bandwidth decreases.

The one-dimensional wavelet transform is usually con-
ducted through Mallat pyramid decomposition as follows:

𝑎
𝑗,𝑘
= ∑

𝑛

ℎ
𝑛−2𝑘
𝑎
𝑗−1,𝑘
, 𝑑
𝑗,𝑘
= ∑

𝑛

𝑔
𝑛−2𝑘
𝑎
𝑗−1,𝑘

𝑗 = 1, 2, . . . , 𝐽,

(4)

where 𝑎 is the smoothed signal of the original signal, 𝑑 is the
detail signal, 𝑔 is the impulse response of the band pass filter
associated with the wavelet function, and ℎ is the impulse
response of the low-pass filter associated with the scaling
function.

2.3. The Proposed Hybrid Diagnosis Method

2.3.1. Characteristics of Gear Box Vibration Signals. Wind
turbine gear box raises the low speed of the wind wheel
(typically 14–48 rpm) to a high generator speed (typically
more than 1500 rpm), and the drive ratio is generally very
high. For example, the drive ratio of gamesa 850 type wind
turbine gear box is 62. To achieve this goal, multilevel drive is
usually adopted, and planet wheel drive is used at the low-
speed shaft end. The advantages of planet wheel drive are
small size, light weight, and bigger drive ratio compared with
that of parallel shaft drive.The vibration of gear box is mainly
caused by the engagement of the gears. In the meshing of a
pair of gears, the number of meshing teeth of a pair of gears
changes from one to two and then back to one.The repetition
of this forms an alternation of single-tooth and double-teeth
meshing. Each alternation gives an impact to the gear, thus
forming the gear mesh vibration.Themesh frequency and its
harmonic components are usually denoted as follows:

𝑥 (𝑡) =

𝑀

∑

𝑚=1

𝑋
𝑚
cos (2𝜋𝑚𝑓

𝑧
𝑡 + 𝜙
𝑚
) , (5)
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Figure 3: FFT and inverted frequency spectrum of original vibration signal.

where 𝑋
𝑚
is the mth order mesh frequency, 𝜙

𝑚
is the initial

phase of the harmonic components of 𝑋
𝑚
, and 𝑓

𝑧
is the gear

mesh frequency.
Gears generate mesh vibration in both normal and

abnormal circumstances, but the vibration levels are different.
Hence, it is feasible to diagnose faults by using the gear mesh
frequency and harmonic components of the vibration signal.
It has been found that the spectrum of the vibration signal
usually contains not only the gear mesh frequency and its
harmonics but also peaks on both sides, which are caused by
signal modulation [14, 15].

In the process of gear movement, frequency and ampli-
tude modulation are generated at the same time. They have
the same carrier frequency, their sideband frequencies are
correspondingly equal, and their sidebands are symmetrical
to carrier frequency. However, when they occur simultane-
ously, the superimposition may cause increase of some side-
frequency amplitudes while decreases of some others due to
the different phases of their edge frequencies. This is why
the common spectrum of the signal does not always have
symmetrical sidebands.

Apart from gear mesh vibration, bearing vibration is also
a part of gear box vibration. The characteristic frequency
range of rolling bearing vibration signal is generally higher
than that of gear vibration signal, whereas the characteristic
frequency of sliding bearing vibration signal is generally
lower.Therefore, the fault information of different parts in the
gear box distributes in different frequency bands.

2.3.2. Diagnosis Principle Using Hybrid Method. As men-
tioned in Section 2.2, wavelet transform of signal is rede-
composing the low-frequency approximation signal, and it
does not decompose the high-frequency detail signal. This
actually divides the frequency band of the signal at certain
exponent intervals. The wavelet transform of high-frequency
band signal achieves high time resolution and low-frequency
resolution, while that of low-frequency band signal is on the
contrary. The wavelet transform of the signal is equivalent

with using a low-pass filter and a plurality of band-pass filters
without losing any original information. During gear box
operation, the frequencies of each shaft and gear mesh are
usually not the same, thus the spectrum of gear box vibration
signal contains low-frequency and high-frequency compo-
nents.Wavelet transform decomposes the original signal into
a number of mutually independent bands. In another word,
it divides the frequency information of different parts into
the corresponding frequency bands, so that each of these
bands carries the state information of a specific part. In
addition, the orthogonality of the wavelet function ensures
no redundancy and no omission of the state information,
which is helpful in eliminating interference and accurately
locating faults. In general, for the fault diagnosis usingwavelet
transform, the vibration frequency distribution of various
gear box parts should be considered, and appropriate number
of decomposition layers should be determined to make sure
that the different layers of decomposition results contain the
fault information of different gear box parts.

For the decomposition of high-frequency signals, fre-
quency aliasing often exists because the sampling rate does
not satisfy the sampling theorem. This may lead to fault
frequency information and impact fault diagnosis. EMD is
to decompose a signal into a series of intrinsic mode compo-
nents and a remainder, and each decomposition is a redecom-
position of the last remainder. The frequency range repre-
sented by the series of intrinsicmode components is not fixed.
In the process of extracting intrinsic mode components, the
part with relatively higher frequency is extracted every time,
and the extreme points on eachmean curve are getting fewer.
The intrinsic mode component and the remainder on each
layer do not necessarily split the entire signal bandwidth.
The intrinsic mode components, 𝑐

1
(𝑡), 𝑐
2
(𝑡), . . . , 𝑐

𝑛
(𝑡), contain

the components of the original signal at different bands
from high frequency to low frequency, and each component
contains certain inherent characteristics of the original signal.
In general, the first few components decomposed by EMD
contain the key information of the original signal, while the
last few components represent the average trend of the signal.
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Figure 4: Time domain waveform and wavelet transform of vibration signal.
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Figure 5: Four intrinsic mode components after EMD.

Hence, the first few intrinsic mode components are usually
selected to be analyzed through EMD [16].

2.4. Workflow of the Hybrid Diagnosis Method. Figure 1 gives
the workflow of the proposed hybrid diagnosis method. The
first step is to determine the appropriate number of layers of

wavelet transform according to the vibration characteristic
frequency of each element in the gear box. Conduct wavelet
transforms to the original signal, dividing fault information
into different layers. The decomposed signals are separated
into low-frequency and high-frequency parts at each layer.
The low-frequency parts can be analyzed directly for fault
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Figure 6: Spectrum of four intrinsic mode components.
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Figure 7: Regular vibration signal.

diagnosis. For the high-frequency parts, the signals can be
analyzed directly if there is no aliasing. Whereas, the exis-
tence of aliasing suggests that the wavelet transform results
are influenced by the energy of the high-frequency part,
and EMD should be used to decompose the original signal
into a series of intrinsic mode components. The first several
intrinsic components that contain the key information of the
signal are selected. Finally, the comprehensive fault diagnosis
of the gear box is performed based on the wavelet transform
results and first few intrinsic mode components.

3. Fault Diagnosis Instance and
Performance Evaluation

An experiment to a specific wind turbine gear boxwith three-
stage drive was conducted to evaluate the performance of the
hybrid fault diagnosis method. Figure 2 illustrates the struc-
ture of the gear box in the experiment. The total drive ratio is
61.966.The first stage is a planetary gear drive.The shaft drive
ratios from low to high are 5.576, 3.612, and 3.077, respectively.
The rated input speed is 26.17 rpm. The vibration data comes
from the sensor at the axial direction of gear box output. At
the rated speed, the rotation frequency of the high-speed shaft
is 27Hz, and the gear mesh frequency is 675Hz; the rotation
frequency of the medium-speed shaft is 8.7Hz, and the mesh

frequency of its front axle gear is 158Hz; the mesh frequency
of the front axle gear of the low-speed shaft is 51Hz. In the
process of signal sampling, the input speed is 28.91 rpm. The
rotation frequency of high-speed shaft is 29.8Hz, and the
gear mesh frequency is 746Hz; the rotation frequency of the
medium-speed shaft is 9.7Hz, and the mesh frequency of its
front axle gear is 174Hz; the mesh frequency of the front axle
gear of the low-speed shaft is 56.4Hz, and the rotation fre-
quency of planet shaft is 0.49Hz.Thewavelet andEMD toolk-
its in MATLAB platform are used to conduct the simulation.

3.1. Fault Diagnosis with FFT and Inverted Frequency Spec-
trum. Before evaluating the performance of the proposed
method, fault diagnosis based on the traditional spectrum
analysis methods: FFT and inverted frequency spectrum
have been conducted. Figures 3(a), 3(b), and 3(c) show
the original vibration signal, FFT, and inverted frequency
spectrum results of original signal, respectively.

FFT is an algorithm to compute the discrete Fourier
transform and its inverse, which converts time domain
to frequency domain. The frequency components of the
original signal are reflected in the frequency domain. Notice
that in Figure 3(b), mesh frequency of each shaft is mostly
submerged by the noises and the side lobes; the sideband is
unable to distinguish. Hence, the faults in the gear box cannot
be diagnosed by only observing FFT of the original signal.

Inverted frequency spectrum, also called cepstrum, is
the result of taking the inverse Fourier transform of the
logarithm of a signal estimated spectrum. Inverted frequency
spectrum converts the periodic signal and sidebands in FFT
results to spectral lines, thus making it easier to detect the
complex periodic component of the spectrum. In Figure 3(c),
the frequencies of the first and second peak are 2Hz and
0.82Hz respectively, which are not the rotation frequency of
any shafts of the gear box. Therefore, the location and the
specific form of the faults cannot be diagnosed by observing
the inverted frequency spectrum either.

3.2. Fault Diagnosis with Proposed Hybrid Diagnosis Method.
Figure 4 presents the time-domain waveform and DB5
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Figure 8: Wavelet transform of regular vibration signal.
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Figure 9: Four intrinsic mode components of EMD for regular vibration signal.

wavelet 4-layer decomposition results of the vibration signal.
The sampling frequency is 4096Hz.The number of sampling
points is 16384, which is halved after wavelet transform.
The signal is decomposed into low-frequency and high-
frequency parts.The waveform is cluttered, and the vibration
amplitude is large. Figures 4(d)-4(e) shows that the low-
frequency part contains several relatively large impacts of

time-domain diagram of original signal. Figures 4(f)–4(i)
show that the waveform of the high-frequency part is filled
with random pulses. From the above characteristics, we can
initially determine that the axial clearance of the planet
carrier bearing is greater than normal levels. The excessive
axial clearance of planet carrier bearing leads to the mesh
collision of the gears and collision of box. Moreover, recall



8 Advances in Mechanical Engineering

0 500 1000 1500 2000
Frequency (Hz)

0.02

0

0.035
A

m
pl

itu
de

 (V
)

(a) Spectrum of first intrinsic mode component

0 500 1000 1500 2000
Frequency (Hz)

0

0.005

0.01

A
m

pl
itu

de
 (V

)

(b) Spectrum of second intrinsic mode component

0 500 1000 1500 2000
Frequency (Hz)

0

0.005

0.01

A
m

pl
itu

de
 (V

)

(c) Spectrum of third intrinsic mode component

0 500 1000 1500 2000
Frequency (Hz)

0

5

9

A
m

pl
itu

de
 (V

)

×10
−3

(d) Spectrum of fourth intrinsic mode component

Figure 10: Spectrum of four intrinsic mode components.

that the rotation speed of planet shaft is the slowest in the
gear box; thus it will generate low-frequency signals and the
high harmonics of the signals when rotating. As a result
of the excessive axial clearance of planet carrier bearing,
the vibration signals will be largely covered by their high
harmonics and look like a thick line, which are clearly
reflected in Figures 4(a)–4(i). Consistent monotonicity of
wavelet transform indicates that the high-frequency parts of
all layers and the low-frequency part of the last layer compose
the entire signal. The low-frequency parts of the other three
layers exist as intermediate amount of decomposition results.
Consistent monotonicity and asymptotic completeness of
wavelet transform can be clearly seen from Figure 4. In
addition, although the results of wavelet transform express
frequency domain information, the data itself is from time
domain. Each decomposed data in Figure 4 gives a different
number of points, but the length of time is the same with the
original signal. To further analyze the vibration signal, EMD
is implemented to the original signal [17]. Figure 5 shows the
first four intrinsic mode components, and Figure 6 gives the
spectrum of each intrinsic mode component.

Notice that the component with the maximum energy
in Figure 6(a) is at 870Hz, which is the quintuple of the
mesh frequency of front axle gear of medium-speed shaft
174Hz. Meanwhile, equally spaced sidebands appear in both
sides of 870Hz, and the interval is 9.7Hz, which is the
rotation frequency of medium-speed shaft. Furthermore, the
amplitude of high harmonics near 870Hz has little difference
with that of 870Hz. Based on the above analysis, we can
diagnose that the front axle of medium-speed shaft abrades
seriously. Also, there exists energy peak near 600Hz in
Figures 6(b) and 6(c), which is a high-level component of the
low-speed shaft gearmesh frequency.We can see clearly from
Figures 6(c) and 6(d) that the signal energy distributes evenly
especially in the band greater than 600Hz, which is the high-
frequency interference signals cause by vibration of gear box.

This indicates that the fault is caused by large axial clearance
of gear box planet carrier bearing [18].

The gear box was opened for examination, and the faults
were found to be located in planet carrier bearing and
front axle of the medium-speed shaft. The axial clearance
of planet carrier bearing was too large, and the gear was
seriously abraded. These are consistent with the diagnostic
results obtained from the proposed hybrid diagnosis method.
Figure 7 illustrates the regular signal after replacement of the
gear and adjustment of the bearing. Then, wavelet transform
and EMD are also applied to the regular vibration signal.
Figures 8, 9, and 10 show the results of wavelet transform,
EMD, and spectrum of EMD, respectively. Notice that the
amplitude of all the figures in Figure 8 is far lower than that
of Figure 4, especially in Figures 8(c)–8(h). Figures 8(a)–
8(c) present normal and cyclical fluctuations of the signals.
Figure 9 illustrates the first four intrinsic mode components
of EMD results, the characteristics of which are similar with
that of wavelet transform. In Figure 10, the amplitude is low,
the noise is relatively small, and no obvious characteristic
component exists.

4. Conclusion

In this paper, a novel hybrid fault diagnosis method com-
bining wavelet transform and EMD is proposed to address
the non-linear and non-stationary fault signals of wind
turbine gear box. The vibration signal is first analyzed using
wavelet transform. The aliasing in the high-frequency signal
is addressed by applying EMD to the original signal to
deal with the interference of high-frequency energy in fault
diagnosis with wavelet transform. The experiment results
based on a wind turbine gear box with three-stage drive
demonstrate that this method can diagnose the faults and
locate them accurately.
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This paper deals with the fault diagnosis methodology for the V/x-type traction transformer in railway passenger-dedicated lines.
A kind of the protectionmethodology to combine empirical mode decomposition (EMD), energy weight, and information entropy
is proposed. This method can sensitively reflect the dynamic information changes of traction transformer differential current, so it
can not only effectively identify internal short-circuit fault current from magnetizing inrush but also better identify fault current
accompanied with magnetizing inrush. In this method, the differential current is decomposed by EMD and the energy weight of
each intrinsic mode function (IMF) is calculated, and the feature vector of the fault pattern recognition is obtained by constructing
IMF energy entropy. The field-measured data illustrate that the new method not only has the advantages of high sensitivity, faster
identification speed, and clear concept but also is available for the diagnosis of the complicated dynamic system.

1. Introduction
V/x-type traction transformer is one of the key equipments
in the power distributing system of high speed train way.
Fault protection is the important technology to guarantee
the reliable operation of the V/x-type traction transformer in
traction power supply system (TPSS). The application expe-
riences show that the internal short-circuit fault will bring
about serious consequences to system operation; thus the
differential-fault-protection system of traction transformer
must have the ability to correctly identify this fault and to
carry out the real-time protection. However, unfortunately,
for the traction transformer with large power, the great
difficulty is that magnetizing inrush and fault current are
of the approaching signal characteristics in signal shape. As
the magnetizing inrush is the impulse current produced by
the nonlinear magnetic flux-electric current characteristics
while transformer switching without load, whose amplitude
is close to the amplitude of internal short-circuit fault current,
it is very difficult to distinguish them only according to the
current amplitude value. This undoubtedly brings difficulties
to the design of differential-fault-protection system, if the
magnetizing inrush and fault current could not be quickly

and accurately distinguished by protection system, multiple
sequential closing and charging for the traction transformer
will be conducted, which will seriously shorten the service
life of transformer. More thorny and serious problem is
that internal short-circuit fault current which accompanies
magnetizing inrush while switching without load; this con-
dition should be regarded as fault behavior, but it is probably
not identified.Therefore, to distinguish betweenmagnetizing
inrush and fault current quickly and correctly has become an
urgent problem to be solved in differential-fault-protection
system of traction transformer.

Currently, the second harmonic protection principle has
been widely used in engineering applications as differential-
fault-protection method of traction transformer. However,
due to the resonance influence from compensation capac-
itor of high-voltage transmission line and the decline of
magnetic saturation point of the traction transformer, it
causes the difference weakening of the second harmonic
characteristics between magnetizing inrush and fault current
and finally results in the increment of the malfunction rate in
differential-fault-protection. Therefore, in order to improve
the differential-fault-protection performance of traction



2 Advances in Mechanical Engineering

transformer, wemust search the new features and quickly and
correctly distinguish magnetizing inrush from fault current.

According to the recognition principle of the fault feature,
the differential-fault-protection methods of power trans-
former can be roughly divided into two types: model-based
and signal-processing-basedmethods according towaveform
characteristics. Model-based identification methods have
flux linkages increment method [1], combined method of
magnetizing inductance and loop equilibrium equation [2],
equivalent circuit parameters method [3], magnetic flux
symmetry property method [4], dynamic impedance charac-
teristics [5], and so forth. Advantages of this type of methods
is that it is able to distinguish magnetizing inrush from
internal short-circuit fault current on the presupposition that
the related electric parameters can accurately be acquired,
but some main electrical parameters cannot be accurately
measured in the practical applications. Diagnosis methods
based on waveform characteristics signal processing are
improvement or evolution of the second harmonic princi-
ple and the intermittent angle method, such as waveform
distribution characteristics method [6], normalized grille
curve method [7], wavelet transform method [8], neural
network method [9], intelligent hybrid method [10], sine
wave distortion characteristics method [11], voltage and cur-
rent waveforms combined method [12], fundamental current
amplitude method [13], mathematical morphology method
[14], and so forth. Such methods have the advantage of clear
principle, but they are subject to the effect of the nonperiodic
component factors.

Traction transformer is different from power transformer
in negative-sequence component and harmonics content of
differential current. There is only little relevant literature
about improved method of traction transformer differential-
fault-protection, most of which are model-based method,
such as unsaturated zone equivalent instantaneous induc-
tance identification method [15], winding resistance and
leakage inductance parameter method [16], and transformer
structural modeling method [17], but these improved meth-
ods are also difficult to be applied in engineering because of
the electrical measurement limits. In contrast, the waveform-
based identification method of power transformer has more
reference value because of its convenience in electrical mea-
suring, and this method will be a better idea to improve
differential-fault-protection of traction transformer by fur-
ther upgrading algorithm.

Huang proposed a signal processing method based on
empirical mode decomposition (EMD), whose basis func-
tions are generated based on the signal itself characteristic
scale, which have a clear physical meaning for dealing with
nonlinear and nonstationary signals and have been applied
in the field of mechanical vibration [18], radar location [19],
frequency analysis of power system [20], and some other
fields. Magnetizing inrush and fault current belong to non-
linear and nonstationary signals, and they have essentially
different in the frequency components features, thus the
protection method combining EMD, energy weight, and
information entropy is suitable for the working state diagno-
sis of V/x-type traction transformer. This paper focuses on
this newmethodology; the differential current signals are first

decomposed into a number of IMF components under
different time scales using EMD algorithm and the energy
weight of each intrinsicmode function (IMF) and differential
current signal is calculated in a power cycle. Then the IMF
energy entropy is constructed based on energy weight which
is sensitive to variation of differential current information,
and this entropy value is defined as the feature vector
of distinguishing between magnetizing inrush and internal
short-circuit fault current.

2. Feature Extraction and
Identification Algorithm

2.1. Decomposition Principle of EMD. The empirical mode
decomposition (EMD) algorithm is a new signal analysis
method, which can simultaneously and gradually decompose
the signal according to different scales or frequency fluc-
tuations or trends to produce a series of the narrow-band
stationary data sequencewith different characteristic scales; it
is called intrinsic mode function (IMF). Thus, the essence of
EMD algorithm is extracting the inherent fluctuation mode
based on feature time scale of the data and then decomposing
the data. For complex multicomponent signals, its decom-
position should meet two conditions: (1) the number of its
extreme points and zero-crossing points should be equal or
differ by 1 at most; (2) at any extreme point the mean value of
upper and lower envelopes curves remains zero. For an actual
signal 𝑥(𝑡), the EMD algorithm is shown as follows.

Step 1. Determine all the extreme points of the signal 𝑥(𝑡).

Step 2. Calculate the upper and the lower envelopes of 𝑥(𝑡)
using the cubic-spline function. In order to obtain easily the
envelopes, the end effect needs to be curbed by adopting the
mirror-extension extreme point method at both ends of the
signal.

Step 3. Calculate the mean 𝑚(𝑡) of the upper and the lower
envelopes, and define

ℎ
1
(𝑡) = 𝑥 (𝑡) − 𝑚

1
(𝑡) . (1)

Step 4. Judge whether the ℎ
1
(𝑡) meets the IMF conditions. If

the condition is not satisfied, let 𝑥(𝑡) = ℎ
1
(𝑡) and return to

Step 1; else set ℎ
1
(𝑡) as the first IMF component of the signal

𝑥(𝑡). After executing 𝑘 loops, get ℎ
1𝑘
(𝑡) = ℎ

1(𝑘−1)
(𝑡) − 𝑚

1𝑘
(𝑡)

and the ℎ
1𝑘
(𝑡)meets the IMF condition. Define 𝑐

1
(𝑡) = ℎ

1𝑘
(𝑡),

𝑐
1
(𝑡) is called the first IMF component of signal 𝑥(𝑡). Gener-

ally, this calculation process of IMF component is called the
screeningmethod and the classCauchy convergence criterion
is adopted to judge each screening result. The equation of
class Cauchy convergence criterion is

𝑆
𝐷

=

𝑇

∑

𝑗=0

[ℎ
𝑘−1

(𝑡) − ℎ
𝑘
(𝑡)]

2

ℎ

2

𝑘−1
(𝑡)

. (2)

In (2), the value of 𝑆
𝐷
is generally set from 0.2 to 0.3.
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Step 5. Extract the 𝑐
1
(𝑡) from the 𝑥(𝑡), and define

𝑟
1
(𝑡) = 𝑥 (𝑡) − 𝑐

1
(𝑡) . (3)

After designating 𝑟
1
(𝑡) as the new input signal and

returning to Step 1, get the second IMF component. If the nth
loop is carried, the nth IMF component is obtained. That is,

𝑟
1
(𝑡) − 𝑐

2
(𝑡) = 𝑟

2
(𝑡) ,

...,
𝑟
𝑛−1

(𝑡) − 𝑐
𝑛
(𝑡) = 𝑟

𝑛
(𝑡) .

(4)

When 𝑟
𝑛
(𝑡) is a monotonic function or |𝑟

𝑛
(𝑡)| is close to

the measurement error, the total loop ends. According to the
EMDdecomposition results, the signal 𝑥(𝑡) eventually can be
expressed as

𝑥 (𝑡) =

𝑛

∑

𝑖=1

𝑐
𝑖
(𝑡) + 𝑟

𝑛
(𝑡) . (5)

Therefore, the actual signal 𝑥(𝑡) is decomposed into 𝑛 IMF
components and a residual 𝑟

𝑛
(𝑡), and 𝑟

𝑛
(𝑡) is a trend or

constant signal.

2.2. Principle of Energy Weight. For description of the differ-
ential current signal, the energy accompanied by time scale
distribution is one of the most important parameters. When
magnetizing inrush and fault current of traction transformer
occur, the differential current signal will change greatly,
whose typical feature is that the signal energy variation
depends on the distribution of time and frequency, and
each frequency component contains lots of features mes-
sage. Therefore, the essential feature message of magnetizing
inrush and fault current can be got by analyzing the differ-
ential current signal in the different operating conditions. It
can be learned from decomposition principle of EMD that
the IMF components achieved by dividing different time scale
of signal are a group of narrow-band stationary series of
local instantaneous frequency ordered from the highest to the
lowest. Therefore, for the differential current signal, the IMF
energy in different frequencies can reflect the running state
of traction transformer.

To construct the energy feature vector at different fre-
quencies which can better represent the differential current
signals, the concept of energy weights is presented in this
paper. Its essence is to describe the arithmetic square root of
ratio of each IMF component energy and differential current
signal energy in the data-window using statistical methods.
Assuming that the single-phase differential current signal
has 𝑘 components (including the residual) treated by EMD,
which indicates it has 𝑘 multiscale components, the energy
weight 𝜆

𝑐
𝑖

(𝑛) of a component 𝑐
𝑖
in the nth power cycle is

𝜆
𝑐
𝑖

(𝑛) =

𝐸𝑐
𝑖
(𝑛)

𝐸𝑖 (𝑛)

= √

∑

𝑁

𝑗=1






𝑐
𝑖
(𝑗)






2

∑

𝑁

𝑗=1






𝑖 (𝑗)






2
,

(6)

where 𝐸𝑐
𝑖
(𝑛) and 𝐸𝑖(𝑛) are, respectively, energy parameter of

IMF component 𝑐
𝑖
and differential current signal in the nth

power cycle;𝑁 is the data length in a power cycle.

Equation (6) shows that the energy weight 𝜆
𝑐
𝑖

(𝑛) reflects
the correlation degree between IMF component 𝑐

𝑖
and differ-

ential current signal in a power cycle (representing all feature
information under a single time scale), while the energy
weight of whole IMF components represents all of the mes-
sages contained in the signal in many feature scales during
a power cycle. So, the corresponding relationship between
differential current signal and IMF component is established
by energy weight, which provides basic conditions for further
quantifying current characteristics.

2.3. Construction of Feature Vector. For the fault diagnosis, it
is very important to select the parameters that can best reflect
fault characteristics. Because the magnetizing inrush is the
seriously distorted sine waveform while the fault current
remains roughly sine waveform, the IMF component of two
types of current will inevitably lead to differences in the
number and energy weight. In order to better represent the
essential characteristics of dynamic differential current in
traction transformer, the concept of entropy in informa-
tion theory is introduced to further describe the average
information quantity of differential current. The entropy can
provide useful information of the signal potential dynamic
information, whose value is an accurate measure of average
uncertainty and complexity of signal change [21].The entropy
𝐹(𝑝) is defined as

𝐹 (𝑝) = −

Len
∑

𝑚=1

(𝑝
𝑚
× ln𝑝

𝑚
) , (7)

where ∑

Len
𝑚=1

𝑝
𝑚

= 1, Len is the length of 𝑝
𝑚
, 𝑝
𝑚
is the pro-

bability of signal, indicating the uncertainty of the signal, and
its value is distributed between 0 and 1.

Obviously, the information entropy is a measure of the
signal uncertainty degree, and the more uncertain and com-
plex is the signal, the greater its entropy value is. After
differential current signal of traction transformer is treated by
EMD in a power cycle, IMF component at different time scale
is utilized to ascertain the change information of differential
current signal. Furthermore, if we define each time scale
as an information source, the IMF component at single
scale can be regarded as a message from the information
source. Therefore, the IMF energy entropy is constructed by
information entropy, EMD, and energy weight, which can
sensitively reflect theweak and cramped change of differential
current. Assuming that the current signal has 𝑘 components
(including the residual) treated by EMD in the nth power
cycle, the total energy weight 𝜆all(𝑛) of differential current
signal is

𝜆all (𝑛) =
𝑘

∑

𝑖=1

𝜆
𝑐
𝑖

(𝑛) . (8)

The ̃
𝜆
𝑐𝑖
(𝑛) is got after 𝜆all(𝑛) treated by normalized

processing, that is,

̃
𝜆
𝑐
𝑖

(𝑛) =

𝜆
𝑐
𝑖

(𝑛)

𝜆all (𝑛)
. (9)
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Figure 1: Differential-fault-protection wires of V/x-type traction
transformers.

Therefore, the IMF energy entropy vector 𝐽(𝑛) of single-
phase differential current signal in the nth power cycle can be
constructed as follows:

𝐽 (𝑛) = −

𝑘

∑

𝑚=1

[
̃
𝜆
𝑐
𝑖

(𝑛) × ln ̃
𝜆
𝑐
𝑖

(𝑛)] . (10)

It can be learned from (9) that the IMF energy vector 𝐽(𝑛)
reflects the energy distribution of differential current signals
at different scales, and the value of vector 𝐽(𝑛) is smaller for
internal short-circuit fault current while the vector 𝐽(𝑛) is
greater for magnetizing inrush.

3. Differential Current Signal and Magnetizing
Inrush of Traction Transformer

3.1. Differential Current Signal. In the TPSS of railway
passenger-dedicated lines, the most typical traction trans-
formers are V/x-type wiring transformer group which is
connectedwith two single-phase three-winding transformers
by V-type. Such traction transformer has the advantages
of high capacity utilization and two windings configured
respectively, and its differential-fault-protection wires are
shown in Figure 1. In addition, to increasing the power supply
distance of feeder, the output of traction transformer is
connected to catenary, feeder, and parallel autotransformer
(AT), while the locomotive gets power from catenary and rail
(center tap of the secondary side in AT), so the input voltage
of locomotive pantograph is half of the total voltage.

According to the ampere-turns balance principle, the
transmission ratio of current transformer, and designation
of current direction, the extraction principle of differential

0

a

b

𝜙

i

𝜙 = f(𝜔t)

i = f(𝜔t)

𝜔t

𝜔t

𝜙 = f(i)

Figure 2: Waveform of magnetizing inrush.

current signals (treated in the differential-fault-protection
system using software method) is

Δ
̇

𝐼A =
̇

𝐼



A −

𝐾i2
𝐾T𝐾i1

̇
𝐼



𝛼
,

Δ
̇

𝐼B =
̇

𝐼



B −

𝐾i2
𝐾T𝐾i1

̇
𝐼



𝛽
,

Δ
̇

𝐼C =
̇

𝐼



C +

𝐾i2
𝐾T𝐾i1

(
̇

𝐼



𝛼
+

̇
𝐼



𝛽
) ,

̇
𝐼



𝛼
=

̇
𝐼Mt − ̇

𝐼Mf, ̇
𝐼



𝛽
=

̇
𝐼Tt − ̇

𝐼Tf,

(11)

where Δ
̇

𝐼A, Δ ̇
𝐼B, and Δ

̇
𝐼C are, respectively, the three-phase

differential current signals; ̇
𝐼



A, ̇
𝐼



B, and ̇
𝐼



C are, respectively, the
three-phase ratio currents in high-voltage side; ̇

𝐼



𝛼
and ̇

𝐼



𝛽
are,

respectively, the up and down ratio current in low-voltage
side; ̇

𝐼Mf, ̇
𝐼Mt, ̇

𝐼Tf, and ̇
𝐼Tt are, respectively, the ratio current of

up catenary, up feeder, down catenary, and down feeder; 𝐾T
is the ratio of turns 𝑊

1
in high-voltage side and turns 𝑊

2
in

low-voltage side;𝐾i1 and𝐾i2 are, respectively, proportionality
factor in high-voltage side and low-voltage side.

3.2. Nonlinear Generating Mechanism of Magnetizing Inrush.
Magnetizing inrush of transformer is generated by the core
excitation saturation factor. As shown in Figure 2, the mag-
netization curve of traction transformer magnetic materials
shows the typical nonlinear feature. That is, in a certain
voltage, excitation current waveform not only depends on the
core flux density 𝐵

𝑚
but also depends on the core saturation

degree. While 𝐵
𝑚

< 𝐵
𝑠
(which is saturated magnetic flux

density), the transformer magnetic circuit is in unsaturated
condition and the functional relationship between excitation
current 𝑖 and magnetic flux 𝜙 is linear. While 𝐵

𝑚
> 𝐵
𝑠
,

the magnetic circuit begins to saturate, and the functional
relationship between 𝑖 and 𝜙 becomes nonlinear because the
increasing speed of 𝑖 is faster than the increasing speed of
𝜙. Due to the core excitation saturation, the waveform of
excitation current will be distorted into peak wave, and the
deeper core saturation degree will cause the more serious
distortion of excitation current waveform.

Generally, there are mainly three operation conditions in
traction transformer: transformer switching while without
load; running with internal short-circuit fault; and switch-
ing without load but with internal short-circuit fault. This
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Figure 3: Magnetizing inrush of transformer switching on without load.
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Figure 4: Internal short-circuit fault occurring in operation.

needs to be judged in differential-fault-protection system.
The following is to test diagnosis effect and sensitivity of
differential-fault-protection algorithm based on IMF energy
entropy using field-measured differential current signal.

4. Diagnosis and Analysis of Actual Measured
Current Signal

4.1. Magnetizing Inrush of Transformer Switching without
Load. Figure 3(a) shows that waveform of three single-phase
ratio differential currents while traction transformer switches
without load (a power cycle is 20ms and the transmission
ratio of current transformer is 1000 : 1), and Figure 3(b)
depicts change of its IMF energy entropy vector.

Figure 3(a) shows that the waveform of ratio differential
current is distorted seriously while traction transformer
switches without load, including unilateral and symmetrical
magnetizing inrushes in waveform shape. As can be qualita-
tively analyzed in Figure 3(b), the most significant character-
istic is that the each single-phase IMF energy entropy vector
𝐽(𝑛) is greater in a cycle, the minimum 𝐽C(𝑛) is equal to 1.39,
and the rest of vector value fluctuates from 1.40 to 2.02. And
the other measured magnetizing inrush also meets this law.

4.2. Running with Internal Short-Circuit Fault. Figure 4(a)
shows the waveform of three-phase ratio differential current

while the internal short-circuit fault of traction transformer
occurs in running, and its IMF energy entropy vector is
shown in Figure 4(b).

It can be seen in Figure 4(a) that a single-phase inter-
nal short-circuit fault of traction transformer happens in
running, the three single-phase differential currents totally
maintain the sine waveform shape, and the amplitude of fault
phase is close to the amplitude of a nonfault phase (the reason
is that current information is extracted by differential ways).
As can be seen in Figure 4(b), each single-phase vector 𝐽(𝑛)
is very small, and its value is almost close to 0.

4.3. Switching without Load but with Internal Short-Circuit
Fault. Figure 5(a) shows waveform of three-phase ratio dif-
ferential current while traction transformer switches without
load but with internal short-circuit fault, whose IMF energy
entropy vector is depicted in Figure 5(b). It can be seen in
Figure 5(a) that the DC component of differential current
increases because of the coeffect of magnetizing inrush and
internal short-circuit current at the same time, and the ratio
differential current magnitude is larger for fault phase and
a nonfault phase. In Figure 5(b), the feature vector 𝐽A(𝑛) of
non-fault phase A is greater than 1.5 in 0.2 s, while 𝐽B(𝑛) and
𝐽C(𝑛) slowly reduce from a smaller value.

4.4. Result Analysis of Actual Measured Data. In recent five
years, many magnetizing inrush cases and some internal
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Figure 5: Internal short-circuit fault while switching without load.

Table 1: Feature distribution while transformer switching without
load.

Cycle sequence Phase A Phase B Phase C
1 [1.42, 1.98] [1.32, 1.92] [1.50, 1.94]

2 [1.33, 1.93] [1.26, 1.95] [1.32, 1.92]

3 [1.41, 2.00] [1.28, 2.02] [1.30, 2.04]

4 [1.35, 1.91] [1.27, 1.89] [1.28, 1.99]

5 [1.39, 1.91] [1.29, 1.92] [1.29, 2.10]

Table 2: Feature distribution while running with internal short-
circuit fault.

Cycle sequence Phase A Phase B Phase C
1 [0.00, 0.03] [0.00, 0.31] [0.01, 0.30]

2 [0.00, 0.02] [0.00, 0.23] [0.01, 0.22]

3 [0.00, 0.02] [0.00, 0.19] [0.01, 0.15]

4 [0.00, 0.01] [0.00, 0.25] [0.01, 0.23]

5 [0.00, 0.01] [0.00, 0.28] [0.01, 0.26]

short-circuit fault cases were recorded in China’s railway
passenger-dedicated lines. After these current waveform
data are treated by new feature extraction algorithm, the
distributions of IMF energy entropy vector are shown in
Tables 1, 2, and 3, respectively.

Table 1 shows that the IMF energy vector 𝐽(𝑛) of three-
phase ratio differential current has the outstanding features
in each cycle of the first 0.1 s: (1) all the feature entropy values
are larger, including the smallest 𝐽B(2) = 1.26; (2) the feature
vector shows good convergence.

It can be learned from Table 2 that the three-phases IMF
energy entropy vector 𝐽(𝑛) are all smaller in the first 0.1 s, such
as the maximum vector 𝐽B(1) = 0.31.

As can be seen from Table 3, three-phase IMF energy
entropy vector 𝐽(𝑛) has the following features in each cycle
of the first 0.1 s: (1) one phase IMF energy entropy value is
larger, two-phase feature entropy values are smaller, and its
value shows good convergence; (2) the gap between the lower
limit of maximum entropy value and the upper limit of the
minimum entropy value is very great.

Table 3: Feature distribution while switching without load but with
fault.

Cycle sequence Phase A Phase B Phase C
1 [1.45, 2.01] [010, 0.76] [0.64, 0.72]

2 [1.28, 2.06] [0.14, 0.74] [0.62, 0.70]

3 [1.35, 2.05] [0.13, 0.73] [0.49, 0.69]

4 [1.28, 1.94] [0.10, 0.74] [0.53, 0.68]

5 [1.32, 1.96] [0.07, 0.71] [0.43, 0.68]

According to comprehensive analysis of the above field-
measured experimental data, some important conclusions are
obtained.

(1) Frequency component of internal short-circuit fault
current is less and the energy of fault inrush is mainly
focused on the few dominant components, while the
frequency component of magnetizing inrush is rich
and the energy of magnetizing inrush is scattered.

(2) In three operating conditions, the IMF energy
entropy value is stable in 0.1 s, thus the vector value
of the first cycle (20ms) is adopted to set threshold
value and diagnose fault in order to improve the speed
of identification.

(3) In the first cycle, the three-phase feature vector of
magnetizing inrush (when transformer switches
without load)meets the conditions 𝐽(1) ≥ 1.32; three-
phase feature vector of fault current (the internal
short-circuit fault occurs in running) meets the con-
ditions 𝐽(1) ≤ 0.31; and three-phase feature vector
while transformer switches without load but with
internal short-circuit fault meets the conditions of
one phase 𝐽(1) ≥ 1.45 and the other two phases
𝐽(1) ≤ 0.76. Therefore, the spatial distance between
fault status and nonfault status in the first cycle is 0.56
(1.32 − 0.76 = 0.56).

(4) Assuming that the threshold value 𝐽set(1) is set from
0.83 to 1.25 (choosing a reliable margin of 10%),
fault current andmagnetizing inrush can be correctly
distinguished in the first cycle using the IMF energy
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Table 4: Setting range of the tradition protection algorithm.

The first
cycle

The second
cycle

The third
cycle

The fourth
cycle

The fifth
cycle

0.04 0.05 0.06 0.06 0.10

entropy algorithm. In addition, it is proved by some
field-measured current data that this conclusion also
applies to the larger capacity traction transformer.

4.5. Comparison with the Tradition Protection Algorithm. At
present, the second harmonic protection algorithm adopted
single-phase brake is used as the differential-fault-protection
method of traction transformer. Using the second harmonic
method in the above operation conditions, the setting scope
of three-phase ratio differential current from the first cycle to
the fifth cycle is got and listed in Table 4.

It can be seen from Table 4 that the setting range of
the second harmonic protection algorithm in each cycle is
very small, and the average setting range is 0.06 which is
about one-tenth of the IMF energy entropy algorithm; thus
it is the main reason of difficult setting for the traction
transformer differential-fault-protection system. In addition,
due to the fact that energy of the nonperiodic component
will be diluted by the total energy, its influence on entropy
values becomes smaller.Therefore, the new differential-fault-
protectionmethod based on IMF energy entropy in the accu-
rate identification between magnetizing inrush and internal
short-circuit current is not only better than the second
harmonic method but also a good solution to the influence
problems of non-periodic component.

5. Conclusion

The traditional differential-fault-protection performance of
V/x-type traction transformer is seriously affected by the
instability of the secondharmonic component inmagnetizing
current, so amore reliable fault diagnosis methods need to be
developed in engineering applications. According to the char-
acteristics that there is a magnetizing inrush containing rich
frequency components when traction transformer switches
without load, while an internal short-circuit fault current is
roughly a sine wave, the protection methodology combining
empirical mode decomposition (EMD), energy weight, and
information entropy is presented to identify magnetizing
inrush and internal short-circuit fault current.

For the traction transformer, this method can sensitively
reflect the dynamic information changes of differential cur-
rent. If the IMF energy entropy values of three single phases
are all large, it indicates that the traction transformer is
switching without load (magnetizing inrush). If the IMF
energy entropy values of three single phases are all small, it
reflects that the traction transformer causes internal short-
circuit fault in the operation. If the three single-phase feature
entropy value shows such special phenomenon that a phase
value is large while the two-phase value is small, it illustrates
that the traction transformer is switching without load but
with internal short-circuit fault.

It is crucial to achieve the new algorithm by selecting
appropriate decomposition conditions. It has been found in
experiment that, for the three-phase ratio differential current
data of traction transformer, the EMD decomposition can be
executed smoothly and quickly by using themirror-extension
extreme point method on border problem and the Cauchy
convergence criterion on the termination conditions. Proved
by some field-measured differential current data, the new
algorithmbased on IMF energy entropy has the advantages of
high accuracy, faster identification speed, and clear concept;
furthermore it is suitable to analyze complex and dynamic
characteristics information of the traction transformer in
railway passenger-dedicated lines.
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A trapezoidal cavity absorber for a linear Fresnel reflector concentrator is analyzed and optimized via CFD simulation. The heat
loss coefficient is introduced; the influences of ambient temperature, absorber temperature, cavity depth, inclination of side walls,
insulation thickness, glass window, and emissivity of selective absorption coating have been studied.The results show that radiation
dominates the cavity heat loss, and heat loss through the glass window is higher than through the insulation layer; among these
factors, impact of emissivity of selective absorption coating and insulation layer is greater than that of the other factors. The
simulation results via CFD prove that cavity with a 100mm depth shows the best thermal performance among the parameters
that have been taken into account.

1. Introduction

Concentrating solar collecting technology is necessary for
the advanced solar thermal utilization which can obtain
high temperature heat source. The solar concentrating col-
lectors mainly consist of parabolic through collector (PTC),
parabolic dish reflector (PDR), heliostat field collector
(HFC), and linear Fresnel reflector (LFR) [1]. The most
popular in commercial use is PTC which owes more than 10
years of successful operation to SEGS [2] located in southern
California of America. But the costs (costs?) of manufacture,
operation, and maintenance of PTCs are higher, which leads
to a hot research on LFR. Compared to PTC, the main
advantages of LFR [3, 4] are as follows:

(1) fixed absorber tube with no need for flexible high
pressure joints;

(2) much cheaper planar or slight curvature reflecting
mirrors and simple tracking systems;

(3) efficient use of land since the primary reflecting
mirrors can be placed one next to the other;

(4) primarymirrors are mounted near ground so the cost
of structural support is low, and the wind loads are
small.

The LFR can be regarded as a decomposed PTC which
consists of dozens of rows of primary reflecting mirrors and
a stationary absorber (see Figure 1). Sun rays are reflected into
the stationary receiver by the mirrors. Häberle et al. [5] had
investigated the optical and thermal performance of Solar-
mundo LFR; the Solarmundo Fresnel collector has about
70% thermal performance of a parabolic trough (UVAC) per
aperture area and is about 10% below the electricity costs of
the whole system.The first person who brought LFR concept
is Giorgio Francia [6] in the 1960s. In 1979, FMC company
designed a 100MWe LFR power plant for the Department of
Energy, but the plan deadlocked over the funds.The research
upsurge of LFR began in the 1990s. Israel company Paz
built an LFR system with a Compound Parabolic Collector
(CPC) as the secondary reflector [7]. The Belgium company
Solarmundo built a similar LFR system [8] but huge; the
primary reflecting mirror area is 2500m2, single mirror with
a 0.5m width. Germany carried out the “VDemo Fresnel”
project [9]. The first demonstration LFR power plant Puerto
Errado1 had been built in Spain 2009.

One technical problem is shading and blocking between
adjacent mirrors; a simple solution is to increase the height
of receiver tower and to increase the gap between adjacent
mirrors, which may increase the initial cost. Mills and
Morrison [10] of University of Sydney brought up the concept
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Receiver

Sun rays

Mirrors

Tower

Figure 1: Schematic diagram of an LFR system.

of compact linear Fresnel reflector (CLFR), which has less
site area. The optical efficiency is 74% at top. Solar Heat and
Power Pty had built a 40MWe CLFR solar heating system for
preheating boiler feed water in Hunter Valley.

Receiving device is the key equipment of an LFR sys-
tem [11]. Considering the requirement of the working fluid
outlet temperature and concentration ratio, there are two
main types of the receiving devices [12–14]. For the high
temperature section (350∘C∼400∘C), a metal glass vacuum
tube and a CPC secondary reflector are used, which may
be more expensive; for a lower temperature section (200∘C∼

325∘C), a trapezoid cavity receiver is used, which contains a
tube bundle on upper surface of the cavity.

In this paper, we will analyze the thermal performance
of a trapezoidal cavity for a small linear Fresnel receiver via
CFD simulation and discuss the influence of cavity geom-
etry, insulation thickness, emissivity of selective absorption
coating, ambient temperature, and absorber temperature.The
goal of this paper is to achieve a maximum thermal efficiency
of the cavity, which can be regarded as the transfer coefficient
between the outer surface of the cavity and the ambient air at
steady state, and provide an optimization design of the cavity
receiver for LFR.

2. Heat Transfer Model

2.1. Mathematical Model. The absorber is enclosed in order
to minimize convection losses with ambient air. The bottom
surface of the cavity is a glass window that allows the sun rays
from the mirror array to enter the cavity to be absorbed by
the absorber plate; there is a tube bundle upon the plate. Dey
[15] studied four different arrangements of absorber plate and
tube bundle, which is out of the scope of this work. The sides
and top of the cavity are insulated on the outside to minimize
conduction and convection losses to the environment. The
absorber heats up due to the incident concentrated solar
radiation and emits long wavelength radiation into the cavity.
The emitted radiation is absorbed by the cavity sides and
window; in the end, heat loss has been caused through
insulation and window (see Figure 2).

In a Cartesian coordinate system, the continuity equation
is as follows:

𝜕 (𝜌𝑢)

𝜕𝑥

+

𝜕 (𝜌V)

𝜕𝑦

= 0. (1)

Wall

Insulation
Absorber plate Internal convection

Tube bundle Internal radiation

Cavity

Window2D conduction
Wind

Concentrated solar radiation

Figure 2: Cross-section of the absorber models of heat transfer.

The momentum conservation equation is
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The energy equation is
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where ℎ is the enthalpy and 𝑞V is the volumetric heat source.
The buoyancy-driven flow regime of natural convection

should be decided by the Rayleigh number, which can be
viewed as the ratio of buoyancy and viscosity forces times the
ratio of momentum and thermal diffusivities,

Ra = 𝐺𝑟Pr =

𝑔𝛽Δ𝑡𝑙

3

]2
Pr =

𝑔𝛽Δ𝑡𝑙

3

𝑎]
,

(4)

where Pr is the Prandtl number, 𝑔 is gravity, 𝑙 is character-
istic length, 𝑎 is dynamic viscosity, ] is kinematic viscosity,
and 𝛽 is thermal expansion coefficient.

Ra less than 108 indicates a buoyancy-induced laminar
flow [16], with transition to turbulence occurring over the
range of 10

8
< Ra < 10

10.

2.2. Solution Method. To simplify the heat transfer model,
several assumptions are used:

(1) steady state;
(2) 2D heat transfer model;
(3) the absorber plate temperatures are fixed and result-

ing heat losses are calculated.

Notation for the cavity dimensions is shown inFigure 3. Fixed
parameters in themodeling are shown inTable 1, and variable
parameters are shown in Table 2.
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Table 1: Constant parameters sued in the simulation.

Constant parameter Symbol Value
Absorber plate width 𝑊 160mm
Side walls emissivity 𝜀

𝑊
0.5

Glass window emissivity 𝜀
𝑔

0.85
Glass window transmissivity 𝜏

𝑔
0.95

Insulation thermal conductivity 𝜆
𝑖

0.04W/(m⋅K)

B

W

d

h

𝜃

Figure 3: Schematic of cavity geometry.

The heat transfer model is solved by the commercial
CFD software Fluent 6.3, taking into account all heat trans-
fer mechanisms: radiation, convection, and conduction. A
0.5m × 0.5m outer space is created for computing convec-
tion and radiation between the cavity and the environment.
Heat transfer is fierce inside and around the cavity, so the grid
is detailed there. Triangle mesh is used in the entire region,
which is shown in Figure 4.

The absorber plate is modeled as isothermal surface.
Surfaces of side walls, insulation, and glass window are
modeled as combined convection/radiation boundary. The
simulation model is laminar according to Ra number.

In this model, the glass window is semitransparent, so
the discrete ordinates (DO) radiation model is chosen. All
discretization is carried out using first order upwind. Air
properties are modeled as piecewise linear. Minimum con-
vergence criteria are set at 10−3 for continuity and velocity and
10−6 for DO and energy. First, 500-step iterations are carried
out under default underrelaxation factors and then turn
themdown, proceeding 10000-step iterations,monitoring the
temperature of outer surface of glass window, making sure
there is no fluctuation.

3. Results and Discussion

3.1. Heat Loss Coefficient. When heat absorption and heat
release reach a balance of the cavity receiver, as usual stating
under steady state, the capacities that are absorbed and lost
are equal:

𝑞loss = 𝑞
𝑎

= 𝑚𝐶
𝑃

(𝑇
𝑜

− 𝑇
𝑖
) , (5)

where 𝑚 is the mass flow rate, 𝑇
𝑖
is the working fluid inlet

temperature, and 𝑇
𝑜
is the working fluid outlet temperature.

Figure 4: Mesh of the entire region.
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Figure 5: Nonlinear curve fit of 𝑈
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(ℎ = 100mm, 𝑑 = 20mm).

Heat loss coefficient 𝑈
𝐿
is a key indicator of the thermal

performance of the cavity receiver. As the 𝑈
𝐿
increases, the

total heat lost increases. 𝑈
𝐿
is defined as

𝑈
𝐿

=

𝑞loss
𝐴
𝑃

(𝑇
𝑃

− 𝑇
𝑎
)

, (6)

where 𝐴
𝑃
is the area of absorber plate, namely, area of the

side coated with absorbing coatings, 𝑇
𝑃
is the temperature of

absorber plate, and 𝑇
𝑎
is the temperature of ambient air.

According to the literature [17], 𝑈
𝐿
can be predicted by

the following empirical formula:

𝑈
𝐿

= 𝑐 ⋅ (𝑇
𝑃

− 𝑇
𝑎
)

𝑑

. (7)

3.2. Heat Loss Simulated Result. The heat loss coefficient
based on absorber plate aperture was calculated as a function
of the difference between average tube temperature and
ambient air temperature; see Figure 5. Figures 6 and 7 show
the velocity magnitude inside the cavity, temperature of the
absorber plate is 400∘C, and width is 160mm. These two
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Table 2: Variable parameters sued in the simulation.

Varied parameters Symbol Value
Cavity depth ℎ 50mm, 100mm, and 150mm
Side wall inclination 𝜃 30∘, 45∘, and 60∘

Insulation thickness 𝑑 0mm, 10mm, 20mm, and 30mm
Ambient temperature 𝑇

𝑎
270K, 280K, 290K, 300K, and 310K

Absorber plate temperature 𝑇
𝑃

100∘C, 200∘C, 300∘C, and 400∘C
Emissivity of selective absorption coating 𝜀

𝑃
0.05, 0.1, 0.2, 0.3, 0.4, and 0.5

0.0246

0
Contours of velocity magnitude (m/s)

Figure 6: Contours of velocity magnitude inside the cavity for ℎ =

50mm.

0.0821

0Contours of velocity magnitude (m/s)

Figure 7: Contours of velocity magnitude inside the cavity for ℎ =

150mm.

figures confirmed the convection heat transfer of inside walls
through the air flow. Velocity near the side walls is the
strongest among the inside area, the flow is enhanced when
the cavity depth grows, and the biggest velocity occurs when
cavity depth is 150mm, which is 0.0821m/s.

Heat losses through glass window are higher than
through insulation layer, which can be observed in Figure 8.
With the rise of the temperature of absorber plate, the
difference is getting more and more obvious. When the
temperature of the absorber is 100∘C, heat losses through glass
window are 1.48 times of that through insulation, when the
temperature of the absorber reaches 400∘C, that is, 1.84. The
radiation losses dominate the thermal losses inside the cavity
as presented in Figure 9, and the radiation losses through the
glass window occupy the most of the total heat losses.

Figure 10 shows the heat loss coefficient 𝑈
𝐿
versus the

absorber temperature. 𝑈
𝐿
increases with the increase of the

absorber temperature.When the temperature of the absorber
plate is 100∘C, 𝑈

𝐿
is 9.35W/(m2⋅K); as to 400∘C of the

absorber plate, 𝑈
𝐿
is 17.21W/(m2⋅K), and 84.1% is decreased.

Glass window
Insulation layer

100 200

200

0
300 400

400

600

800

Absorber plate temperature (∘C)

q
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ss
/W

Figure 8: Schematic of heat loss versus 𝑇
𝑃

(ℎ = 100mm, 𝑊 =

160mm, and 𝑑 = 20mm).
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Figure 9: Schematic of heat loss versus 𝑇
𝑃

(ℎ = 100mm, 𝑊 =

160mm, and 𝑑 = 20mm).
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Figure 10: Schematic of 𝑈
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versus 𝑇
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(𝑊 = 160mm, 𝑑 = 20mm).
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Figure 11: Schematic of 𝑈
𝐿
versus 𝜃 (𝑊 = 160mm, 𝑑 =

20mm, and ℎ = 50mm).

We can also notice the influence of cavity depth ℎ to the
heat loss coefficient 𝑈

𝐿
from Figure 10. When the ambient

temperature, insulation thickness, and the inclination of side
walls are constant, 𝑈

𝐿
varied with cavity depth are small, but

𝑈
𝐿
with the 100mm cavity depth are the smallest in general.
Hold other parameters’ constant, such as width of

absorber plate and cavity depth, and change the inclination
of side walls; the influence is shown in Figure 11. 𝑈

𝐿
shows

a downtrend with the increase of inclination of side walls;
compared with 𝑈

𝐿
with the 30∘ inclination, 9% declination

occurs with the 60∘ inclination of side walls; this is because
areas of glass window and lateral wall surfaces are increased.

The insulation layer is an effective arrangement to min-
imize the heat losses through the cavity outer surface. We
choose four insulation thicknesses for validating the influ-
ence of insulation: 0mm, 10mm, 20mm, and 30mm. The
result is shown in Figure 12; as expected, the heat transfer
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Figure 12: Schematic of 𝑈
𝐿
versus 𝑑 (𝑊 = 160mm, ℎ =

50mm, and 𝜃 = 45

∘
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Figure 13: Schematic of 𝑈
𝐿
versus ℎ (𝑊 = 160mm, 𝑑 = 20mm).

coefficient decreases with the increase of insulation thickness.
Heat losses coefficient with 10mm insulation thickness is
58% lower than that of without insulation. But to continue
increasing the thickness of insulation, the heat preservation
effect improving is not obvious. Heat losses of the cavity with
30mm insulation thickness only reduce by 2.2%, compared
with 10mm insulation thickness.

The main effect of glass window is to minimize the
convection heat transfer between cavity inside and ambient
air; the influence of glass window on total heat loss coefficient
is shown in Figure 13. The effect of glass window is obvious;
when cavity depth is 50mm, 100mm, and 150mm, 𝑈

𝐿

of cavity with glass window has declined by 4.4%, 9.6%,
and 10.8%, respectively. The concentrated solar beam causes
an incidence angle on the outer surface of glass window
that is greater than 0∘, which means optical losses will be
produced, so we should choose the glass window with high
transmissivity and low reflectivity.
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The turning point of solar thermal utilizations is the
popularization and use of selective absorption coating, which
has a high absorptivity (>0.9) and low emissivity (<0.1). Since
the first presentation by the experts of Israel and America in
1954, much research has been done so far [9]. The selective
absorption coating can work under 550∘C, which solves
the bottleneck of concentrated solar energy utilization. The
influence of selective absorption coating to 𝑈

𝐿
is shown in

Figure 14; 𝑈
𝐿
increases nearly linearly with the increase of

selective absorption coating emissivity of absorber.When the
coating emissivity 𝜀

𝑃
is 0.05, 𝑈

𝐿
is 11.85W/(m2⋅K), which is

47% lower than 𝑈
𝐿
with the 0.5 coating emissivity.

The declination of ambient temperature will lead to the
increase of heat loss (see the 𝑞loss curve in Figure 15); this
makes sense, but 𝑈

𝐿
declines with the increase of ambient

temperature. As mentioned in Section 2 of this paper, 𝑈
𝐿
can

be regarded as the heat transfer coefficient between the outer
surface of the cavity and the ambient air; according to the
Newton cooling law, the smaller the temperature difference,
the larger the heat transfer coefficient. The influence of

ambient temperature on 𝑈
𝐿
is small; when 𝑇

𝑎
increase from

270K to 310K, 𝑈
𝐿
just increases by 6.7%.

4. Conclusions

In this paper, a CFD performance prediction and optimum
of the cavity receiver for linear Fresnel reflector concentrator
have been made, considering the cavity configuration and
other influence factors, and the effect on 𝑈

𝐿
is complex; main

conclusions are as follows.
The most important factors which influence the heat loss

coefficient are insulation and emissivity of selective absorp-
tion coating, which can reduce 58% and 47% of the heat
loss coefficient, respectively; glass window plays the second
position, which can reduce 10.8% of the heat loss coefficient at
most when cavity depth is 150mm.The influence of ambient
temperature is small.

The heat loss coefficient shows a downtrend with the
increase of inclination of side walls; the influence of cavity
depth is negligible, which is consistent with the conclusion of
Facão and Oliveira [18]. Among all the cavity models that are
simulated in this work, the trapezoidal cavity with 100mm
cavity depth and 20mm insulation thickness plays the best
thermal performance.
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Mobile mining equipment often operates in harsh environments characterised by remote locations and highly variable rock and
operating conditions. This research explores the hypothesis that the failure behaviour of mining equipment is influenced by the
physical properties of the ore and waste. We describe a method of examining this relationship via data mining on maintenance
records and apply it to the hydraulic cylinders of two classes of earthmoving mobile equipment. Failure data for the analysis are
drawn from maintenance work orders from 14 sites mining for haematite iron, nickel sulphide, and coking and thermal coal. The
results show that the distributions of the estimated life parameters for hydraulic cylinders on earthmoving equipment are distinctly
different for haematite iron, coal, and nickel sulphide sites. Analysis of the relationship between selected physical properties
identified the influence of rock impact hardness number, abrasion index, and absolute hardness of the ore as significant factors for
these hydraulic cylinders. Their effects are significant when parameters are considered in combination, for example, rock impact
hardness number and abrasion index, and vary according to the cylinder type and asset class.The engineering implications of these
results are considered with respect to known failure modes of the cylinders.

1. Introduction

Reliability is of key importance in the mining industry, and
there have been considerable efforts put in over the last 10
years to improve the reliability of assets. Inherent reliability
is a function of design, but the achieved reliability is influ-
enced by a variety of operating circumstances. These include
organisational processes such as how the asset should be
maintained, culture in how it is operated, site factors such
as asset age profile and functional expectations, and envi-
ronmental conditions primarily associated with ore type and
location. The aim of this work is to test the hypothesis
that the failure behaviour of components is influenced by
the operating context, specifically the characteristics of the
ore body, and to identify factors that might be driving that
behaviour. This is of concern to the mining industry as
many deposits of note are situated in locations with extreme
environmental conditions such as dust and temperature.

2. Background

Reliability databases are used in the oil and gas, nuclear,
chemical, and electronics industries for reliability assess-
ments at the asset design stage, for benchmarking, and for
reliability improvement programs. No such database exists in
the mining industry; however, since 2010, CRC Mining has
sponsored a research project to develop a framework for the
sharing of failure data across organisations. In many cases
in the mining industry, operators have only one or two high
production assets such as excavators, shovels, crushers, or
mills. With these small populations and limited failure data,
it is a challenge to identify failure modes and predict failure
behaviour. This impacts the engineer’s ability to develop
an effective maintenance program and accurately predict
lifecycle costs and availability.

A shared database provides access to a larger number of
failure events, and engineers can examine a wider range of
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failure modes than those that they may have experienced at
their site. Beyond the availability of compiled data and the
availability of standard reliability statistics, the question
arises as to how to use the data in site-specific reliability
assessments. If data are sought for a single-asset class such
as a make and model of haul truck in haematite iron ore,
then is it appropriate to compile data from identical haul
trucks moving gold, iron ore, nickel, coal, and other com-
modities? Or should there be a process to tailor the analysis
depending on the particular commodity and other site-
specific characteristics? If so, do we need to establish what
effect(s) site-specific characteristics may have on the failure
behaviour and determine how to enable the use of “compiled”
failure data on specific sites? Can we then leverage the
knowledge from a larger number of failures yet still be able
to tailor the data using site-specific factors?

The proportional hazards model (PHM) is originally
developed by Cox [1] to determine significant factors and
their magnitude of impact on the measure of interest. In
the field of reliability engineering, particularly for mining
equipment, PHM modelling work has been performed to
determine the effects of condition monitoring covariates on
remaining useful life. Examples include studies where data
have been used to identify significant condition monitoring
covariates affecting the times to failure of transmissions [2]
and wheel motors [3] on mine trucks, rail wagon bearings
[4], circulating pumps in a petrochemical plant [5], and diesel
engines [6].ThePHMhas been also used to evaluate the effect
of noncondition monitoring covariates on times to failure.
Examples of these include evaluating the effect on times to
failure of the following: cablematerial choice for power cables
in underground loader hauler dumpers [7], a combination of
internal (condition monitoring) and external (organisational
and maintenance) covariates affecting hydraulic jack units
in underground loader hauler dumpers [8], effect of design
characteristics and the impact of strike action on aluminium
reduction cells [9], and operating characteristics of hydro-
carbon pipelines. Work using related methods (proportional
covariatemodel) in conjunction with accelerated life tests has
been used to estimate hazard rates inmechanical systems [10].
The use of the PHM will be adopted in this study.

Work with other modelling techniques has also been
performed such as using linear or quadratic regression to
determine the relationship between engine health and engine
performance for gas turbines [11], the effect of design and
operating conditions on times to failure for pumps in an oil
refinery using MANOVA and multivariate statistics [12], and
the effect of pit and operating characteristics on the incidence
of tyre failure using the 𝐹-test [13].

From an engineering perspective, it is a plausible hypoth-
esis that an asset operating in a highly silicified gold mine
will demonstrate different failure behaviour than that of the
same asset in a bituminous coal operation. However, there
has been very little published academic work to look at this.
In part, this can be explained by the challenges in obtaining
data across a sufficiently large population of sites mining
for different ore types. This study uses the data collected in
the CRC Mining study to explore the influence of external

covariates by analysing individual subsystems across similar
assets operating in multiple and diverse environments.

The challenge of dealing with data from different sites
is compounded by the generally poor quality of reporting
on failures generally found in computerised maintenance
management systems and the considerable time required to
clean the data [14, 15]. While it remains a possibility that
the large original equipment manufacturers, especially those
engaged in maintenance and repair contracts, have the data
to perform this analysis, any work that has been done is not
in the public domain. Given the absence of published work,
a particular focus of this paper is setting out an appropriate
methodology for preparation and analysis of the data.

3. Methodology

This section sets out the approach adopted to test the
hypothesis that the failure behaviour of assets is influenced
by the operating context, specifically the characteristics of the
ore. The process involves the following key steps.

(1) Select asset class, subsystem, and components.
(2) Define “failure” and cleanse data.
(3) Identify and characterise covariates of potential inter-

est.
(4) Examine characteristics of the dataset.
(5) Explore effects of covariates on failure behaviour.
(6) Select PHMmodels using model selection criteria.

3.1. Select Asset Class, Subsystem, and Components. With
industry assistance, we compiled a confidential failure
database. It includes data from 14 mine sites, 4 commodities,
and 6 organisational entities. The largest set of data is
for heavy mobile equipment, including front-end loaders
(FELs), dozers, shovels, graders, scrapers, drills, and dump
trucks. Some models of equipment are used across all of
the different commodity groups and at many of the sites.
Mobile equipment has a number of components with similar
functions. An example is the hydraulic cylinders used on
FELs and dozers in surface mining operations. The two
classes of hydraulic cylinders of interest are the following: (1)
lift cylinders used in lifting or lowering a boom to which the
implement is attached and (2) tilt cylinders responsible for
changing the angle of the implement.

3.2. Define Failure and Cleanse Data. For lift and tilt cylin-
ders, events classified as failures include (1) major leaks
preventing the equipment from further operation and (2)
loss of function to causes other than leaks. In responding
to these failure events, two assumptions are made, the first
assumption is that repair restore the component to as good
as new and that when a replacement cylinder is installed,
a new (not refurbished) cylinder. In order to test whether
the failures are independent and identically distributed, an
examination of the cumulative failures versus time plots
is performed. This is described in a subsequent section.
Events involving these cylinders that are NOT classified as
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Table 1: Weibull parameters and statistics of dataset.

Type 𝛽 (Fe) 𝛽 (coal) 𝛽 (Ni) Number of failures Fe/coal/Ni Number of suspensions Fe/coal/Ni
FEL lift cylinders 1.36 1.4 1.95 33/50/8 41/30/14
FEL tilt cylinders 1.07 1.25 1.32 30/52/6 41/32/12
Dozer lift cylinders 1.67 1.77 1.22 42/349/26 23/242/25
Dozer tilt cylinders 1.1 1.36 1.3 40/146/12 11/58/22

failures include (1) preventative replacement of cylinders (a
suspension is recorded), (2) accidental damage (a suspension
is recorded), (3) minor leaks under observation but not
preventing further operation, and (4) repairs or adjustments
to cylinder attachments such as mountings, pins, valves,
hoses, and rods. In total, there were a total of 1342 records
of interest, including 551 suspensions and 791 failure events.

3.3. Identify and Characterise the Covariates of Potential Inter-
est. The external covariates examined in this paper include
values that can be measured via analysis of data provided,
or examining the conditions present at each mine site. The
covariates can be broadly classified into two categories: char-
acteristics of the mine and characteristics of the operation
and maintenance of each piece of equipment. Covariates
examined in this study originating from the characteristics of
the mine include ore properties such as rock impact hardness
number (RIHN), absolute hardness, density, abrasive index,
and unconfined compressive strength, quartile indicators for
concentrations of sodium, potassiumand silicon compounds,
and 3 ore-type indicators corresponding to each ore type.
Covariates examined originating from the characteristics
of the operation and maintenance include the equipment
size, noncompliance to mechanical lubrication schedules,
inspection intervals, and duty level of the equipment. It
is important to note that this list of covariates is not a
complete list of all possible covariates; however, the study was
restricted to covariates whose values were directly observable
via provided data or published reference material.

In instances where the exact value for that mine site was
not known, a value in themiddle of the range for that ore type
was assumed for each group. Data were compiled (in order
of preference) from the mine site’s geotechnical database
(where available), estimated parameters from equipment
manufacturers, or commonly accepted ranges frompublished
reference material [16].

3.4. Examine Characteristics of the Dataset

3.4.1. Examination of Weibull Parameters of Stratified Popula-
tion. Table 1 shows the shape parameter (𝛽) of the Weibull
distribution for each population of FEL and dozer cylinders.
It can be seen that the 𝛽 values for lift cylinders for both
types of equipment are similar for Fe and coal but distinctly
different for Ni. For the tilt cylinders, the 𝛽 values are similar
for coal and nickel but slightly lower for Fe.

Other items of note in Table 1 are the low population
of failures and high ratio of suspensions to failures (2 : 1)
for cylinders on both FELs and dozers in nickel sulphide

operations. Cylinders for FELs in haematite operations also
exhibit high suspension to failure ratios with 1.36 suspensions
per failure. This results in wide confidence intervals when
estimating parameters; however, this is somewhat mitigated
by the fact that both the combined populations aswell asmost
populations stratified by commodity all have statistically
significant numbers of failures greater than 30. An exception
to this is cylinders for FELs mining for nickel sulphide for
which there are sparse failure data (8 lift cylinder failures
and 6 tilt cylinder failures) which are outnumbered by
suspensions (14 lift cylinder suspensions and 12 tilt cylinder
suspensions).

3.4.2. Verification of Independent and Identically Distributed
Data. Verification that datasets are independent and identi-
cally distributed (IID) is performed by plotting plots of times
between consecutive failures and cumulative failure times
against failure number [17]. Identical distributions can be
verified by ensuring a single linear trend in the cumulative
failure times.

Figures 1(a), 1(b), 1(c), and 1(d) show the cumulative
failure times between consecutive failures. There are no sig-
nificant changes in slope that would indicate an increasing or
decreasing hazard rate.This absence of any significant change
in slope of these curves does not guarantee that repairs are as
good as new, but it is indicative of an absence of factors that
indicate increasing or decreasing life of subsequent failures or
lack of independence of the dataset.

3.5. Explore Effects of Covariates on Failure Behaviour. The
relationships between ore characteristics and failure behav-
iour are explored statistically using proportional hazards
modelling (PHM). For each cylinder type on each mobile
equipment type, it is possible to construct a total of 15 one-
covariatemodels (models with a single explanatory covariate)
and 105 two-covariate models (models with two explanatory
covariates). Due to the existence of only 3 ore types in this
study, it is only possible to construct models with, at maxi-
mum, 2 covariates (corresponding to the 2 degrees of freedom
available).This process was applied to both types of cylinders
on each of the two types of mobile equipment leading to
a total of 60 one-covariate models and 420 two-covariate
models. The 480 models developed cover all possible com-
binations of the given covariates. All models were then tested
for statistical accuracy and significance by the use of criteria
in a model selection process.

The outputs from the proportional hazardsmodel include
the coefficients for each covariate, the standard error asso-
ciated with each coefficient, and the baseline hazard rate.
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Figure 1: (a) FEL lift cylinder cumulative TTF. (b) FEL tilt cylinder cumulative TTF. (c) Dozer lift cylinder cumulative TTF. (d) Dozer tilt
cylinder cumulative TTF.

The coefficient of each covariate is proportional to the impact
that covariate has on the hazard rate. Thus, positive coef-
ficients indicate that the covariate increases the hazard
rate while negative coefficients that indicate the covariate
decreases the hazard rate. The baseline hazard rate can be
modified by the calculated coefficients, and observed values
of each covariate to obtain the modified hazard function and
survival curves. A parametric fit is performed to determine
the Weibull parameters for the theoretical distribution that
best fits eachmodified survival curve.These are the predicted
parameters that each PHM would predict for each com-
modity. The actual parameters are obtained by performing
a standard Weibull analysis directly to the dataset of each
commodity.

3.6. Select PHM Models Using Model Selection Criteria. In
order to assess the suitability of each PHM model, we
consider the following factors. The accuracy for the model

is assessed by the average percentage deviation between
the predicted and the actual MTTFs for all commodities.
In this case, the lowest percentage deviation corresponds
to the highest accuracy. Other measures of accuracy were
considered, such as analysis of goodness of fit against the
full Weibull curve for each commodity; however, the use of
a point estimate (MTTF) comparison was selected due to its
widespread use in industry. The significance of a covariate is
assessed by comparing the magnitude of the coefficient with
the magnitude of the standard error associated with that
coefficient. Under this method, a higher ratio of coefficient
to standard error indicates higher significance for that coef-
ficient. The aim is to identify only models whose covariates
most impact the hazard rate of the asset. Selection criteria for
the models are as follows:

(i) high accuracy (less than 10%deviation between actual
and predicted MTTF),
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(ii) each coefficient having a ratio at least 1.28 times the
standard error (80% confidence),

(iii) hypothesis test for proportionality failing to reject the
proportional hazards assumption (PHA). (A 𝑃 value
of 0.1 is used for this hypothesis test [18]. The null
hypothesis states that the data are proportional, while
the alternative hypothesis states that the data are not
proportional.)

Due to the low complexity of the models (<2 covariates),
it was not deemed necessary to consider the Akaike infor-
mation criterion. Models that meet the model selection
criteria are collated for similar subsystems across similar
equipment types. Significant covariates or combinations of
significant covariates are identified for further discussion and
investigation.

4. Results

4.1. Relationships between Ore Characteristics and Failure
Behaviour. A visual representation of the cylinders life in
operations mining for different commodities was obtained
by the Bayesian inference [19]. These representations show
that the distributions of the Weibull scale parameter (𝜂) of
different commodities are different. The FEL lift cylinders
for nickel sulphide operations in Figure 2(a) are significantly
different from those in coal and haematite operations. The
FEL tilt cylinders for all commodities in Figure 2(b) are dif-
ferent from each other, and dozer tilt cylinders for haematite
operations in Figure 3(b) are different from those in coal
operations. It is important to note that these distributions are
not frequency distributions of the times to failure.

The PHM was applied to the cleansed data, and the
selection process was used to identify appropriate models for
lift and tilt cylinders on FELs and dozers. Table 2 shows a list
of models that met the model selection criteria for accuracy
and significance. A𝑃 value for the PHA hypothesis test is also
included for each covariate.The𝑃 values were obtained using
the cox.zph function in the survival package in 𝑅 [20].

Table 2 is organised as follows. Columns 3 and 4 show
the coefficient values for the covariates listed in Column 2.
Columns 5 and 6 show the ratios of coefficient magnitude
to standard error with higher ratios indicating stronger
significance.The 𝑃 value for PHA hypothesis testing is shown
in Column 7 with values greater than 0.1, indicating a failure
to reject the PHA. The deviation between the actual and
predicted value for the MTTF is shown in Column 8. The
MTTF calculation takes into account both 𝛽 and 𝜂 values [21]
as follows:

MTTF = ∫
∞

0

𝑅 (𝑡) 𝑑𝑡 = 𝜂 (

1

𝛽

+ 1) . (1)

Table 2 shows that only 8 models from the 480 tested have
significant relationships. These relationships apply to tilt and
lift cylinders of FELs and lift cylinders of dozers. Most of the
covariates are related to ore properties rather than ore types
with absolute hardness and/or abrasion index appearing in
four of the 8 models.
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Figure 2: Distribution of 𝜂 for FEL lift cylinders and FEL tilt
cylinders.

The three models for dozer lift cylinders (Table 2: Rows
7 to 9) violate the proportionality assumption with their 𝑃
values for the PHA hypothesis test (Table 2: Column 7) less
than 0.1.

Of the models for FEL tilt cylinders, the models for abra-
sive index and absolute hardness (Table 2—Row 5) and ore
indicators for coal and nickel sulphide (Table 2: Row 6) have
𝑃 values for the PHAhypothesis tests close to the threshold of
0.1 (0.11, 0.11, and 0.124, resp.). The covariate models created
for dozer tilt cylinders did not yield any relationships of
significance as no covariate selection combination was able
to meet the accuracy criteria.

Table 3 summarises the list of parameters, and their
occurrences inmodels are identified as significant.The “num-
ber of occurrences” is the number of times that covariate
was present in models that met the model selection criteria.
The “effect on hazard rate” uses the sign of the calculated
coefficient to determine whether the covariate positively or
adversely impacts the hazard rate.
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Figure 3: Distribution of 𝜂 for dozer lift cylinders and dozer tilt
cylinders.

In order to determine the magnitude of impact of each
covariate relative to every other covariate, we normalise the
measured covariate values in order to obtain a unit standard
deviation. Table 4 shows the normalised coefficients for all
models meeting the model selection criteria. It can be seen
that the normalised covariates with the largest impact per
standard deviation change in covariate values are the abrasive
index and absolute hardness with ranges of 5.86 to 7.66 and
−6.05 to−7.9, respectively,This compareswith covariates with
less impact such as Si, with a normalised coefficient of 0.32.

5. Discussion

5.1. Analysis of Distributions andWeibull Parameters Based on
Commodity Type. Examination of the distributions shown in
Figure 2(a) to Figure 3(b) shows the following.

(i) FEL Lift Cylinders. Cylinders in nickel sulphide
operations have higher 𝜂 and MTTF than those in
haematite and coal operations. Coal and haematite
operations have cylinders with comparable lifetime
distributions.

(ii) The high number of suspensions and low number
of failures for FEL lift cylinders in nickel sulphide
operations resulted in higher uncertainty in param-
eter estimation as evidenced by the wide dispersion
of the distribution. Although haematite operations
also have high numbers of suspensions, the 33 failures
points were sufficient to give a distribution dispersion
similar to that of the coal operations. This was also
evident in FEL tilt cylinders.

(iii) FEL Tilt Cylinders. Cylinders in nickel sulphide oper-
ations have higher 𝜂 and MTTF than those in coal
operations. Cylinders in haematite operations have
the lowest 𝜂 andMTTF out of all the three commodi-
ties.

(iv) Dozer Lift Cylinders. Cylinders in haematite opera-
tions have lower 𝜂 andMTTF than those in coal oper-
ations.The 𝜂 andMTTF of nickel sulphide operations
have a large variance and are not conclusively different
from those in haematite or coal operations.

(v) Dozer Tilt Cylinders. Cylinders in haematite opera-
tions have higher 𝜂 and MTTF than those in coal
operations. The 𝜂 and MTTF of nickel sulphide oper-
ations have a large variance and are not conclusively
different from those in haematite or coal operations.

(vi) The variance of the distributions for nickel sulphide
and haematite iron operations is larger than that for
coal operations. This is due to the availability of a
larger dataset for coal operations, leading to higher
certainty (probability) of parameter estimates as well
as the high number of suspensions for nickel sulphide
operations.

Tables 3 and 4 show that absolute hardness and abrasive index
were parameters that had the highest rate of occurrence in all
of the significant models.They were also the parameters with
the highest impact per standard deviation change of observed
covariate values.

5.2. Exploring the Relationship to Specific Physical Properties.
The covariate models developed in this study identify, from
a selected population of physical properties, those properties
that impact the reliability of lift and tilt hydraulic cylinders
on earthmoving mobile equipment. These properties are the
abrasive index and absolute hardness of the mineral. To
explore the relationship between what is observed in the data
and what might be occurring in the physical environment,
a review of common failure causes of hydraulic cylinders
was conducted. The most common causes of cylinder failure
(excluding rod breakage or alignment issues) are contamina-
tion, bearing and seal damage, chemical or heat degradation,
and structural damage.

The coefficient calculated in this study for absolute hard-
ness shows a decrease in hazard rate with absolute hardness.
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Table 2: Models meeting the model selection criteria for tilt and lift cylinders on dozers and FELs.

Set Covariates Coefficient 1 Coefficient 2 Ratio
Coef-SE1

Ratio
Coef-SE2

PHA
P value

MTTF
deviation (%)

FEL-Lift Abrasive index and absolute hardness 67.86 −0.22 1.77 1.8 0.597
0.587 3.81%

FEL-Lift Nickel sulphide −0.64 NA 1.60 NA 0.65 10%

FEL-Tilt UCS and silicon % −0.014 0.37 2.71 1.5 0.666
0.934 5.49%

FEL-Tilt Abrasive index and absolute hardness 89.67 −0.29 2.16 2.21 0.11
0.11 5.3%

FEL-Tilt Coal and nickel sulphide 0.42 −0.61 1.82 1.34 0.951
0.124 3.89%

Dozer-Lift Absolute hardness and haematite −0.046 2.82 2.84 3.02 <0.01
<0.01 6.3%

Dozer-Lift Abrasive index and RIHN 8.25 −0.093 3.13 2.98 <0.01
<0.01 4.64%

Dozer-Lift RIHN and haematite −0.066 1.10 2.83 3.12 <0.01
<0.01 5.76%

Dozer-Tilt No suitable models NA NA NA NA NA NA

Table 3: Covariates used in PHM that meet the model selection cri-
teria.

Parameter Number of
occurrences Effect on hazard rate

Absolute
hardness 2 Higher scratch resistance decreases

the hazard rates

UCS 1 Higher UCS decreases the hazard
rate

Si 1 Higher silicon % increases the
hazard rate

Abrasive
index 2 Higher AI increases the hazard rate

Ore
indicators 3

Coal mines have higher hazard rates
Nickel mines have lower hazard

rates
Haematite mines have lower hazard
rates for FELs but higher hazard

rates for dozers
Most
common
model

Absolute hardness and abrasive index

We postulate that the effect of a higher absolute hardness,
which is the ability of a rock to resist scratching, decreases
the ability of the material to create dust-sized particles. This
results in a less dusty environment, which increases the relia-
bility of a hydraulic cylinder due to less dust contamination of
the hydraulic fluid or bearings. An increase in abrasiveness of
the material appears to influence the reliability of the lift and
tilt cylinders in some assets. In a high-dust environment, the
ability of the particles to cause abrasive wear once in contact
with the cylinder surfaces, bearings, or seals will accelerate
deterioration.

The coefficient values and specific observed values for
any commodity can be used to determine the magnitude of

impact on the hazard rate for that commodity. In the case
of the abrasive index and absolute hardness model, the coef-
ficient values are 67.86 and −0.22, respectively (Table 2: Row
2, Columns 3 and 4). A FEL in a nickel sulphidemining oper-
ation with an abrasive index of 0.04 and absolute hardness of
15 would experience amodifying factor to the baseline hazard
rate of 0.55 (45% lower than the baseline hazard rate). The
baseline hazard rate represents the hazard rate of a fictional
ore with an abrasive index of 0 and absolute hardness of
0. Similarly, a FEL in a coal mining operation with a low
abrasion index of 0.01 and low absolute hardness of 2 would
experience a modifying factor to the baseline hazard rate of
1.27 (27% higher than the baseline hazard rate). This implies
that the lift cylinder of a FEL in a nickel mining operation
experiences a hazard rate that is 43% of the hazard rate
experienced by an equivalent FEL in a coal mining operation.

It is possible to apply themodifying factor for any specific
commodity to obtain the commodity-specific hazard rate,
survival curves, and associatedWeibull parameters (𝛽 and 𝜂).
The practical use of these coefficients is to extract operation-
specific parameters from pooled data. These operation-
specific parameters such as the MTTF, 𝛽, or 𝜂 can be used
to benchmark existing operations or provide insight when
developing a mine site with differing operating conditions.

5.3. Organisational and Maintenance Properties. The analy-
sis examined covariates representing the maintenance and
operating conditions of the organisation including equip-
ment size, equipment duty level, inspection intervals, and
compliance to mechanical lubrication schedules. As a proxy,
the scheduled compliance to a 250-hour engine service
task was used. This maintenance work does not cover the
cylinders specifically, but it is an indication of organisational
commitment to scheduled maintenance. There are no direct
data on scheduledmaintenance compliance for the lift and tilt
cylinders. Of these covariates only, the equipment duty level
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Table 4: Normalised coefficients for models meeting model selection criteria.

Set Covariates Normalised coefficient 1 Normalised coefficient 2
FEL-Lift Abrasive index and absolute hardness 5.86 −6.05
FEL-Lift Nickel sulphide −0.64 NA
FEL-Tilt UCS and silicon % −0.59 0.32
FEL-Tilt Abrasive index and absolute hardness 7.66 −7.9
FEL-Tilt Coal and nickel indicators 0.42 −0.61

and compliance to mechanical lubrication schedules were
found to be significant; however, they were not as significant
as the ore properties. Equipment that was used for lower
numbers of hours a day experienced higher hazard rates
suggesting that deterioration due to time or exposure still
occurs even when the equipment is not in use. Organisa-
tions with higher compliance to scheduled maintenance also
experienced lower hazard rates. Further work in respect to
developing and using organisational indicators as covariates
is underway.

5.4. Sources of Uncertainty. There are a number of sources
of uncertainty in this study due to the nature of failure data
and also the simplifications inherent in compressing complex
physical property distributions into a set of numbers. The
original datasets contain data for all failure events, and
there is considerable variability in the content of the fields
and how data are represented. Extraction of failure and
preventative replacement events was performed using an in-
house data cleansing tool with the outputs cross-referenced
against external data sources such as maintenance plans
and external maintenance contracts. Incorporating data from
these external data sources was done as follows.

Maintenance and repair contracts (MARCs) are specified
time intervals wherein major maintenance and replacement
activity is performed by an external contractor (most often
the equipment vendor). Maintenance work performed under
these contracts is recorded in the record system of the
contractor rather than that of themining company; it is there-
fore not included in the dataset. Data points immediately
following a maintenance contract are removed as they also
include times to failure/replacement of all maintenance work
performed under the MARCs. Times between preventative
replacements are compared against replacement intervals
specified in the mining company’s maintenance plan. Events
marked as preventative replacements occurring significantly
sooner than the planned replacement interval are treated as
failures unless there is other evidence indicating that they
were preventatively performed.

The dataset used includes 5 cases in which the number
of failures is less than the number of suspensions. This can
result in wider confidence intervals for both 𝜂 and 𝛽 values.
Alternative methods of parameter estimation such as the
Bayesian inference, as shown in Figure 2(a), or hypothesis
testing can be used [22]. In addition, in two cases for nickel,
there are low data populations resulting in poor fit. More data
are being sought for nickel in order to improve confidence in
estimated parameters.

5.5. Further Research. A work is currently underway to
extend the range of components and asset classes under
analysis. This will include mechanical, electrical/electronic,
hydraulic, and structural subsystem components and asset
classes from both fixed-plant and mobile equipments.

It was found that the assumption of proportionality was
rejected for both types of cylinders for the dozer equipment
class as shown in Table 2. Further work will be undertaken
to more adequately model these assets by stratifying the asset
class further or choosing an alternative modelling approach.

Approximations of dust levels at each mine site were
inferred based on the ability of thematerial to resist fragmen-
tation. This may not hold true due to other factors and dust-
creation mechanisms such as the use of dust suppression,
blasting techniques, presence of clay or other fine-grained
materials, and nonimpact-related dust-creating mechanisms.
Further work will be performed in assessing dust concentra-
tions experienced at the rock interface on a mine site-specific
basis. Additional environmental parameters such as average
temperatures and chemical compositions of rocks will be
added to determine whether other extreme environmental
conditions have a significant influence on equipment failure.

It has been noted that the use of purely physical properties
as covariates may not be sufficient to explain the failure
behaviour of equipment. Additional covariates associated
with organisational processes, site factors, and environ-
mental conditions can be added as they become available.
Organisational processes to be added include the culture in
which the asset is operated (including functional role and
level of loading) and site factors such as asset age profile
and pit characteristics (e.g., single/double benching, blasting
characteristics) that are controllable by the organisation.
Maintenance factors to be added in future work include the
effect of maintenance, inspection, or condition monitoring
activities specific to the component.The framework supports
the extension of the number of covariates to 𝑛-parameter
models.

6. Conclusion

This study demonstrates that the distributions of the esti-
mated life parameter for tilt and lift cylinders on dozers
and FELs are distinctly different in location and shape
for haematite iron, coal, and nickel sulphide operations.
Further work is underway to extend the investigation to other
components and assets.

The analysis uses proportional hazards modelling to
extract context-specific information from compiled data.
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The choice ofmodel and the covariates used in themodel also
give an insight into the factors that influence the reliability
of the asset and their relative magnitudes. Analysis of the
relationship between selected physical properties identified
the influence of the abrasive index and absolute hardness of
the ore as significant factors influencing the lifetime of tilt and
lift cylinders.

It was also found that the assumption of proportionality
of hazard rates was found not to hold for a specific asset class
subsequent to performing the appropriate hypothesis test.
This resulted in the rejecting of all models for cylinders on
the dozer equipment class.

This work is significant because of the questions it raises
about factors such as ore properties that may influence
asset component failure. With this understanding comes the
opportunity to reduce failure rates and tailor equipment
selection, operation, and maintenance activities to specific
sites. This will be explored in future papers.
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