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Shore bridge and other port cranes have some working condition characters including high speed, heavy load, and large impact. In
order to solve the degradation feature extraction issue of hoisting mechanism gearbox, an online degradation feature extraction
technique based on morphological fractal dimension and sliding windowWeibull fitting is proposed. Firstly, taking the vibration
energy spectrum collecting from the gearbox as the online data source, the fractal dimension of the vibration energy spectrum
during an analysis period is calculated and a fractal evolution curve is obtained. A three-parameter Weibull fitting on the fractal
curve within a sliding window after setting the window’s width and step size is performed. -e scale parameter of the Weibull
fitting model is introduced as the performance degradation feature. -e effectiveness of the technique is verified by the full-life
vibration data of hoisting gearbox from Shanghai Port Group.-e results show that the morphological fractal dimension is able to
describe the fractal complexity of the vibration energy spectrum. -e scale parameter of Weibull distribution is able to reflect the
performance degradation trend of fractal curve smoothly, which lays a theoretical foundation for further solving the problem of
online health assessment.

1. Introduction

Shore bridge is an important container lifting equipment in
the harbor that has a harsh operating environment and
special working condition. -e hoisting mechanism is the
key system in shore bridge for container lifting operations
which is shown in Figure 1. In the process of high-speed,
heavy-load, and large-impact periodic container-hoisting
operations, the gearbox will withstand vibration shock
caused by strong dynamic loading, which will induce per-
formance degradation or even sudden failure under long-
term action [1], resulting in production stoppage or even
casualties. If degradation features can be monitored and
extracted online, the performance degradation trend of
gearbox will be accurately tracked and health condition is
able to be accurately assessed to improve the safety and
reliability of the hoisting mechanism in the harbor.

-e purpose of degradation feature extraction is exca-
vating degradation pattern involved in signals quantitatively,

which will construct the basis of health condition assess-
ment. Linear signal processing methods such as time-do-
main, frequency-domain, and time-frequency-domain
analysis are usually introduced and applied such as kurtosis
[2], spectral kurtosis [3], and adaptive modal decomposition
[4, 5]. Considering the nonlinear and nonstationary char-
acter of mechanical vibration signals, complexity analysis
methods based on information entropy and fractal theory
have been applied to degradation feature analysis of rotating
machinery such as bearing and gearbox in recent years,
including approximate entropy, fuzzy entropy, sample en-
tropy, box dimension, correlation dimension, and other
features [6–10]. Bearing full-life acceleration test data from
IMS [11] and IEEE PHM 2012 [12] are usually used in
methods verifying due to the advantages of small load
disturbance and obvious degradation pattern. Compared
with the accelerated test data, vibration signal of the shore
bridge in industrial site is more complicated. -e special
working condition will induce intensive vibration, and
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complex industrial environment will introduce a large
amount of noise and random impact; the combination of
these factors bring the vibration signal nonlinear, non-
stationary, and aperiodic characters, so that it is hard to
exploit the performance degradation pattern with traditional
methods effectively. In addition, the shore bridge has a long
design life, so it is very difficult to achieve a long-term online
monitoring to verify these techniques. -e above difficulties
in techniques and verifying have constrained the develop-
ment of PHM technologies in port cranes. It is of great
significance to study the effective degradation feature ex-
traction method and excavate the degradation pattern in
complex industrial field data to achieve accurate health
condition assessment for shore bridge and other port cranes.

Preliminary study has shown that the vibration energy
spectrum of shore bridge has certain self-similarity and long-
range correlation which indicate a fractal character of the vi-
bration energy spectrum. In the complexity analysis method,
fractal dimension is able to describe complexity quantitatively
and some studies have been processed in fault feature ex-
traction [13, 14] as well as degradation feature extraction [15].
Fractal dimension calculated by mathematical morphological
theory is able to overcome the shortcomings of traditional box-
counting dimension in accuracy and has some advantages of
stability, accuracy, and calculating speed.-erefore, it is feasible
to analyze fractal dimension variation for vibration energy
spectrum during the degradation process. In addition, Weibull
distribution is able to describe life distribution of mechanical
equipment and components, while three-parameter Weibull
distribution is more accurate due to the introduction of po-
sitional parameters compared with two-parameter Weibull
distribution and has been successfully used in fault diagnosis
[16, 17]. For filtering the numerical fluctuation caused by
random shock caused by strong dynamic loading, Weibull
distribution is able to explore the stability variation pattern
from the perspective of statistical distribution. In view of the
method verification, the NetCMAS system which has achieved
industry 4.0 level 4 standard is able to provide a reliable
platform for data acquisition. At present, multiple sets of full-
life vibration energy spectrums for port crane components have
been monitored and stored [18], which could provide a reliable
data support for industrial applied research.

In summary, an online degradation feature extraction
technique based on morphological fractal dimension and
sliding window Weibull fitting is proposed. -e paper is

organized as follows: Section 2 briefly introduces mathe-
matical morphological fractal dimension and three-pa-
rameter Weibull fitting. -e procedure of the proposed
technique is proposed in Section 3. In Section 4, the pro-
posed method is verified and the results are discussed. Fi-
nally, the conclusion of this paper is given in Section 5.

2. Basic Theory

2.1. Mathematical Morphological Fractal Dimension.
Fractal dimension is able to describe the complexity of fractal
object quantitatively, among which fractal box dimension is
most widely used. -e commonly used fractal box dimension
has some disadvantages in accuracy [19], while mathematical
morphological fractal dimension [20] replaces meshing cov-
erage used in fractal box dimension with one-dimensional
morphological coverage; thus, the calculation result is accurate
and the calculation speed is fast which is suitable for online
analysis. -e calculation method is described as follows:

Assuming that time sequence is f(n), n � 1, 2, . . . , N,
the unit structuring element is g; according to the definition
of multiscale morphology [21], structuring element under
scale λ is as follows:

λg � g⊕g⊕ · · · ⊕g
􏽼√√√√√√􏽻􏽺√√√√√√􏽽

(λ− 1)times

.
(1)

Define one-dimensional morphological coverage under
scale λ as follows:

Ag(λ) � 􏽘
N

n�1
((f⊕ λg)(n) − (fΘ λg)(n)). (2)

Ag(λ) is able to meet the following conditions:

ln
Ag(λ)

λ2
􏼠 􏼡 � DM ln

1
λ

􏼒 􏼓 + c, λ � 1, 2, . . . , λmax( 􏼁, (3)

where DM is the mathematical morphological fractal di-
mension of the signal, c is a constant, and λmax is the largest
analytical scale. -e least squares linear fitting of
ln(Ag(λ)/λ2) and ln(1/λ) is able to obtain the mathematical
morphological fractal dimension.

2.2. !ree-Parameter Weibull Fitting. Distribution func-
tion F(t) of three-parameter Weibull distribution is as
follows [22]:
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Figure 1: (a) Real map of quay crane and (b) its lifting mechanism.
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F(t) � 1 − exp −
t − c

η
􏼠 􏼡

m

􏼢 􏼣. (4)

Its distribution density function f(t) is as follows:

f(t) �
m

η
t − c

η
􏼠 􏼡

m− 1

exp −
t − c

η
􏼠 􏼡

m

􏼢 􏼣, (5)

where η is the scale parameter,m is the shape parameter, and
c means the position parameter. -e parameter estimation
methods include graphic method, moment estimation,
linear regression estimation, and maximum likelihood
method. In this paper, the maximum likelihood method is
introduced to estimate the three parameters [23]. -e main
idea of which is regarding scale, shape parameter, and the
maximum likelihood function as a function of the position
parameter, obtaining parameters’ value by means of tra-
versing position parameter when the maximum likelihood
value is obtained.

3. Degradation Feature Extraction Flow

An online degradation feature extraction technique based on
morphological fractal dimension and sliding window
Weibull fitting is proposed. -e flowchart is shown in
Figure 2.

(1) Vibration energy spectrummonitoring and acquisition:
taking the online signal monitoring and acquisition
system as the platform, vibration energy spectrum time
sequence from the key measuring points of the shore
bridge lifting mechanism gearbox is obtained.

(2) Degradation feature extraction using mathematical
morphological fractal analysis. Setting an analysis
period T and proceeding mathematical morpho-
logical fractal analysis on the vibration energy
spectrum within this period, morphological fractal
dimension as the indicator is obtained and this
parameter as the fractal feature for this period of
sequence is taken. A continuous fractal curve will be
obtained by means of repetitive operation.

(3) -e fractal curve is divided into number of sliding
windows; the width of sliding windows is set as W,
and the intervals among the sliding windows are set
as S.

(4) Proceeding three-parameter Weibull fitting within
each sliding window, the scale parameter of each
distribution which will be taken as the performance
degradation feature of the sliding window is
obtained.

(5) Taking online analysis and repeating steps (2)–(4), a
scale parameter evolution curve will be obtained as
performance degradation feature for the gearbox.

4. Instance Data Analysis

4.1. Shore Bridge Gearbox Full-Life Vibration Energy
Spectrum. -e full-life data of the hoisting mechanism
gearbox obtained by the long-term monitoring from the

NetCMAS system are introduced for instance analysis. -e
shore bridge comes from a container terminal in Shanghai
Port. -e NetCMAS system had been working online for
continuous monitoring since the shore bridge installation.
-e monitoring information includes vibration, tempera-
ture, and stress signals frommore than 40 measuring points.
-e full-life vibration energy spectrum used in this paper
comes from the vertical direction of the high-speed input
shaft of the hoisting mechanism gearbox. -e measurement
point diagram is shown in Figure 3(a). -e sampling fre-
quency is 24 kHz, the sampling time is 1 s, and the sampling
interval is 10 s. -e effective value of the collecting data is
calculated online by the on-site monitoring acquisition unit
shown in Figure 3(b), forming an online vibration energy
spectrum time sequence.

Failure occurred on the gearbox of the hoisting mech-
anism after nearly 7 years and 8 months of continuous
monitoring. It was found that the failure position was the
high-speed input shaft roller bearing of the gearbox after
shutdown and dismounting, and the failure mode is running
pulley abrasion. -e on-site inspection map is shown in
Figure 4.

Data cleaning is processed first to filter the vibration
signals with low-value density collected in nonworking
conditions; a processed time-domain waveform of the full-
life vibration energy spectrum sequence is shown in Figure 5.
It is clear that the vibration energy of the measuring point is
increasing with many occasional energy shocks, which were
induced by the large impact caused by special container
lifting operations. It is difficult to judge the timing of failure
through the effective value accurately, and the occasional
energy impact is likely to cause misjudgment; it is necessary
for further degradation feature extraction.
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Figure 2: Online extraction process of degradation feature.
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Figure 3: Data monitoring and collecting. (a) Vibration sensor on gear. (b) Monitoring and acquisition unit.
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Figure 4: �e on-site inspection map for gearbox bearing failure. (a) Dismounting of the hoisting mechanism gearbox. (b) Bearing pulley
abrasion.
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Figure 5: Time-domain waveform of the full-life vibration energy spectrum sequence.
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4.2.DegrationFeatureExtraction. Setting the analysis period
as T=1800, the lifetime dataset is divided into 5243 groups.
-e full-life dataset is divided into 5243 groups.

In order to analyze the long-range correlation character
of the energy spectrum sequence, Hurst indicator of each
group is calculated by means of the R/S method firstly [24];
the Hurst curve is shown in Figure 6. It can be seen that the
Hurst indicator is greater than 0.5 in most groups, which

indicates that the vibration energy spectrum signal of the
gearbox has obvious long-range correlation character and it
is effective to analyze the feature based on fractal theory.

Mathematical morphological fractal dimension is cal-
culated for each group. Considering that energy-spectrum
signal contains a large number of random impact compo-
nents and triangular or rectangular structural elements are
able to fit the impact character, triangular unit structuring
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Figure 6: -e Hurst curve evolution trend.
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Figure 7: -e calculation of morphological fractal dimension. (a) Energy spectrum in the analytical period. (b) Least squares linearity on
morphological coverage and scale.
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Figure 8: -e fractal dimension evolution curve.
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Figure 9: -e fractal curves using different unit structuring elements (a) g � [0, 0, 0] and (b) g � [0.1, 0.1, 0.1].
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Figure 10: Sliding window Weibull distribution. (a) Sliding window fractal dimension sequence. (b) Weibull distribution of the sliding
window.
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Figure 11: -e evolution curve of the scale parameter.
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element g � [0, 0.1, 0] is used and the analytical scale is set as
[2, 4, 8, 16, 32, 64]. Taking vibration energy spectrum in any
group as the example, the wave curve is shown in Figure 7(a).
Calculation of mathematical morphological coverage and
process least squares linearity on ln(Ag(λ)/λ2) and ln(1/λ)is
shown in Figure 7(b).

-e calculated fractal dimension evolution curve of the
full-life dataset is shown in Figure 8. With the deepening of
the degradation degree, the curve shows a main increasing
trend with some random fluctuations due to random shocks.

Fractal dimension evolution curves using different unit
structuring elements are shown in Figure 9. It can be seen
that the curve calculated by flat unit structuring element g �

[0, 0, 0] has a poor trend and does not reflect the trend
information of the degradation process. A good result can
also be obtained by using the rectangular unit structuring
element g � [0.1, 0.1, 0.1].

4.3. Sliding Window Weibull Fitting. -e width of sliding
window as W� 90 and step size as S� 1 are set. -ree-pa-
rameter Weibull distribution is used to fit and obtain the
shape parameter. -e window in every S step is translated
and a repetitive execution of fitting is performed to obtain
the shape parameter evolution curve. Morphological fractal
dimension curve in any sliding window is shown in
Figure 10(a), and statistical law is verified by Weibull dis-
tribution; the result is shown in Figure 10(b). It is clear that
statistical probability of the window is approximately linear,
which is consistent with the Weibull distribution.

An evolution curve of the scale parameter is obtained
which is shown in Figure 11. It can be seen that as the
degradation degree deepens, the curve has a whole in-
creasing trend. Combined with practical experience, the
entire degradation process can be approximated into four

conditions including healthy, slight degradation, severe
degradation, and a failure condition. After the maintenance
and replacement of the bearing, the gearbox gradually
transitions from the failure condition to the slight degra-
dation condition after a running-in period, which is con-
sistent with the actual inspection report of the port.

-e scale parameter curves with different window’s
widths and step lengths are shown in Figure 11. It can be
seen from Figure 12(a) that the smaller the value of window’s
width, themore variation details it will reflect. It is clear from
Figure 12(b) that the step length does not change the value of
the scale parameter and the smaller the step length, the
higher of the evolving curve’s accuracy. -erefore, it is
possible to select an appropriate window width and step
length in combination with industrial requirements.

In summary, through the morphological fractal feature
extraction and sliding window Weibull fitting process, the
scale parameter curve is able to clearly reflect the perfor-
mance degradation pattern of the gearbox bearing contained
in the industrial field data, and at the same time, the random
impact is able to be filtered out effectively.

5. Conclusion

According to the character of shore bridge and its operating
conditions, an online degradation feature extraction tech-
nique based on morphological fractal dimension and sliding
window Weibull fitting is proposed. -e full-life data of
hoisting mechanism gearbox obtained by the long-term
monitoring from the NetCMAS system are introduced for
instance analysis, and the following conclusions are
obtained.

(1) As to the commonly used bearing full-life acceler-
ation test data, RMS is able to reflect the degradation
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Figure 12: Analysis on the influence of different parameters. Comparison of (a) different sliding window’s widths and (b) different sliding
window’s step size.
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degree of rolling bearing performance easily and has
good condition tracking effect. For the field data of
shore bridge, the vibration energy spectrum se-
quence fluctuates greatly and the random impact is
obvious. It is difficult to accurately track the per-
formance degradation pattern, which fully reflects
the working conditions and data character of the
shore bridge.

(2) Mathematical morphological fractal dimension is
able to describe the fractal complexity of the vi-
bration energy spectrum and has monotony char-
acter of the whole trend. As the degree of
degradation continues to deepen, the value of fractal
dimension also increases, reflecting the fractal evo-
lution of the vibration load spectrum at the industrial
site.

(3) -e scale parameter of three-parameter Weibull
distribution is able to reflect the performance deg-
radation trend of the fractal curve smoothly, and it is
effective for online degradation character of shore
bridge gearbox. How to divide the health conditions
of shore bridge will be the focus of the proceeding
study.
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