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The gearbox is one of themost important parts ofmechanical equipment and plays a significant role inmany industrial applications.
A fault diagnostic of rotating machinery has attracted attention for its significance in preventing catastrophic accidents and
beneficially guaranteeing sufficient maintenance. In recent years, fault diagnosis has developed in the direction of multidisciplinary
integration.This work addresses a fault diagnosismethod based on an image processingmethod for a gearbox, which overcomes the
limitations of manual feature selection. Differing from the analysis method in a one-dimensional space, the computing method in
the field of image processing in a 2-dimensional space is applied to accomplish autoextraction and fault diagnosis of a gearbox.The
image-processing-based diagnostic flow consists of the following steps: first, the vibration signal after noise reduction by wavelet
denoising and signal demodulation by Hilbert transform is transformed into an image by bispectrum analysis. Then, speeded up
robustness feature (SURF) is applied to automatically extract the image feature points of the bispectrum contour map, and the
feature dimension is reduced by principal component analysis (PCA). Finally, an extreme learning machine (ELM) is introduced
to identify the fault types of the gearbox. From the experimental results, the proposed method appears to be able to accurately
diagnose and identify different types of faults of the gearbox.

1. Introduction

In modern industrial production, a gearbox is one of the
most important transmission components of mechanical
equipment because of its large power transmission capacity in
a compact structure. However, the gearbox is acted upon by
the impulse load, environmental corrosion, and fluctuating
circulating stress in the work that is performed, which leads
to a high failure rate. As an effective component of condition-
basedmaintenance [1], the fault diagnosis has become promi-
nent to guarantee the safe operation of gearboxes.

Gearbox conditions can be reflected by measurements of
vibratory [2], acoustic [3], thermal [4], electrical [5], and oil-
based signals [6]. Vibration signals are extremely sensitive
to the existence of a gearbox, and a fault diagnosis based on
the vibration signal is one of the most widely used methods.
Generally, gearboxes are operatedwithin harsh environments
with severe noises and interferences [7]. The signal analysis

and fault characteristic parameters are rather complicated in
the fault diagnosis of the gearbox. Generally, the field staff
do not have enough professional knowledge to recognize the
spectrum of the vibration signal and do not understand the
principle of time domain frequency domain analysis. There-
fore, it is difficult to diagnose the fault of the gearbox effec-
tively. If an intelligent diagnosis of the fault of the gearbox can
be achieved without extensive professional knowledge and
feature extraction can be performed automatically, then the
performance and efficiency of the diagnostic method will be
greatly improved. Currently, fault diagnosis methods based
on multiple disciplines have become the leading direction of
development in the field of fault diagnosis. For example, a
genetic algorithm of natural evolution theory (genetic algo-
rithm), machine learning (support vector for the machine)
[8], and bionics (ant colony algorithm) [9] have been applied
to fault diagnosis in rotating machinery.
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However, the calculationmethod of image processing has
scarcely been applied to fault diagnosis for gearboxes. Fault
diagnosis for a gearbox is essentially a process of fault pattern
recognition, which is the same as the image classification
process, belonging to the category of pattern recognition.
Because the application of image feature extraction technol-
ogy has been successful, this technology has high feasibility
and a probable reference value for introducing the calculation
method of image processing to the field of fault diagnosis.

In this paper, we present a novel approach that applies
image feature extraction techniques to gearbox fault diag-
nosis. The method can accomplish a fully automatic feature
extraction procedure for gearboxes with high accuracy and
strong robustness.

The image expression of a vibration signal is a key step
in the proposed method. A high-order spectrum method
is one of the modern signal processing methods developed
in recent years, and the high-order spectrum method plays
an important role in non-Gaussian, nonlinear, noncausal,
nonminimumphase and nonstationary signal processing [10,
11]. The bispectrum [12–14] is a subset of the higher order
spectrum. Bispectrum preserves the phase information of the
signals and can theoretically restrain the Gaussian noise. To
avoid the interference of the working noise, a wavelet trans-
form is applied to reduce the noise of the original vibration
signal. Simultaneously, there are modulation components in
the vibration signal spectrum, which cause difficulties in the
identification of the characteristic frequency of the fault. It
is therefore essential to demodulate the signal. This paper
proposes an image conversion method based on bispectrum
and Hilbert transform, and the images generated are used as
inputs for feature extraction techniques.

In the development of the image automatic feature
extraction technique in recent decades, the scale invariant
feature transform (SIFT)method has become one of themost
widespread image processingmethods, with good robustness
and high accuracy [15, 16]. However, the shortcomings of
high resource consumption, high time complexity, and large
computational time requirements constitute major limita-
tions of SIFT. In 2006, Bay et al. proposed speeded up robust
features (SURF) [17], which not onlymaintain the advantages
of the high accuracy of the scale invariant feature transform
(SIFT) algorithm but also overcome the shortcomings of
its slow speed. Herein, SURF is employed to extract the
feature points of the bispectrum contour map. The feature
points extracted by SURF are described in terms of the
64-dimensional descriptor. To avoid the waste of resources
for subsequent calculations, PCA is employed to reduce the
dimension of the feature points.

The extreme learning machine (ELM), as an intelligent
technology, has shown good performance in regression appli-
cations as well as in large datasets and multilabel classifica-
tion applications [18]. Moreover, ELM has been proven to
require less human intervention and less running time than
most other pattern recognition methods. In this study, ELM
was introduced to accomplish the state classification of the
gearbox.

This paper is organized as follows: Section 2 introduces
the related algorithms, Section 3 describes the case study

performed to validate the method, and Section 4 presents the
conclusions and related future work.

2. Methodology

The procedure contains three major steps as follows: (1)
image transformation of the vibration signal based on the bis-
pectrum and Hilbert transform, (2) feature point extraction
based on SURF-PCA, and (3) fault diagnosis based on ELM
as illustrated in Figure 1.

2.1. Bispectrum Analysis Based on the Wavelet Transform
Domain. Wavelet transform can be utilized to analyze a non-
stationary signal with obvious time-frequency localization
and multiresolution analysis ability, which can effectively
enhance the transient information hidden in the mechanical
signal. A bispectrum analysis is a powerful tool to analyze a
non-Gaussian signal. A bispectrum analysis can characterize
random signals from a higher probability structure, and,
theoretically, it can suppress Gaussian noise completely. In a
high-order spectrum, a bispectrum analysis has the minimal
order but with all of the characteristics of a high-order
spectrum. The analysis procedure of the bispectrum analysis
based on the wavelet transform domain is shown in Figure 2.

In Figure 2, 𝑛(𝑡) is the interfering noise, which can be a
Gaussian or a non-Gaussian noise. When 𝑛(𝑡) is a Gaussian
noise, we can further process the signal without wavelet
denoising. However, when 𝑛(𝑡) is a non-Gaussian noise, a bis-
pectrum analysis is powerless to analyze the signal, and spec-
trum characteristics may be covered by the non-Gaussian
noise. To eliminate non-Gaussian noise disturbance, the
wavelet transform is employed to remove the noise. Some
important parts of the gearbox, such as the gear and bearing,
are typical rotating components. When the centralized or
distributed fault occurred on these components, the vibration
signal always shows strong nonstationary characteristics.
However, these nonstationary vibration signals often show a
strong characteristic of modulation.Therefore, it is necessary
to demodulate the signal before the bispectrum analysis. The
Hilbert transform is one of the most widely used demodula-
tion methods [19]. Zero mean normalization is applied to the
signal, denoising the signal, and then Hilbert transform is
implemented on the signal. Finally, a bispectrum analysis is
utilized to accomplish the conversion between the analytical
signal and the image.The estimatedmethod for a bispectrum
analysis includes a parametric model and a nonparametric
model. Compared with the indirect method, less computa-
tion is required by the direct method. Therefore, the direct
estimation method is adopted in this paper. The flow of the
algorithm is described as follows:

(1) By assuming that the observation data are finite in
length, the sampling frequency is 𝑓

𝑠
. In the bispectrum

domain, the number of the points is 𝜔
1
and 𝜔

2
; so, the

frequency sampling interval is Δ
0

= 𝑓
𝑠
/𝑁
0
. Dividing 𝑥(𝑡)

into the 𝑘th segment, each segment contains 𝑀 points; that
is,𝑁 = 𝐾𝑀; then, subtract the mean of each sample.

(2) The discrete Fourier transform (DFT) is undertaken
for the 𝑗th data segment; that is,
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Figure 2: Bispectrum analysis process in wavelet transform.

(3) According to the coefficient of the DFT, calculate the
bispectrum estimation of each segment:
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(4) The bispectrum estimation is the mean value of 𝐾

segment data; that is,
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2.2. SURF Descriptor

2.2.1. Interest Point Detection. A Hessian matrix is utilized
to detect interest points by SURF, and the use of an integral
image can greatly reduce the amount of calculation.

(1) Integral Image. The integral image can greatly increase
the efficiency of box-type convolution filters. For a point 𝑋,
𝑋 = (𝑥, 𝑦) in the integral image. The value of the point can
be described as follows: the sum of all pixel values in a region
formed by the origin point and point𝑋 is as follows:

𝐼
∑

(𝑋) =

𝑖≤𝑥

∑

𝑖=0

𝑗≤𝑦

∑

𝑗=0

𝐼 (𝑖, 𝑗) . (4)

Once an image is converted to an integral image, the
sum of the gray levels in a rectangular region can be
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Figure 3: (a) 𝑥 direction, (b) 𝑦 direction, and (c) 𝑥𝑦 direction.

calculated by 3 plus-minus calculations. We can see in the
following discussion that the convolution templates used by
SURF are all box templates, which can greatly improve the
computational efficiency.

(2) Approximate Hessian Matrix: 𝐻
𝑎𝑝𝑝𝑟𝑜𝑥

. The interest point
detection of SURF is based on the Hessian matrix, which
relies on the local maximum of the Hessian matrix determi-
nant. When the Hessian matrix determinant appears to have
a local maximum, the detection result is a blob-like structure,
that is, a region brighter or darker than the surrounding area.
Here, the register refers to the point and its small neighbor-
hood. For a point𝑋 = (𝑥, 𝑦), the Hessian matrix is defined as

𝐻(𝑥, 𝜎) = [

𝐿
𝑥𝑥

(𝑥, 𝜎) 𝐿
𝑥𝑦

(𝑥, 𝜎)

𝐿
𝑥𝑥

(𝑥, 𝜎) 𝐿
𝑦𝑦

(𝑥, 𝜎)
] , (5)

where 𝐿
𝑥𝑥

(𝑥, 𝜎), 𝐿
𝑥𝑦
(𝑥, 𝜎), and 𝐿

𝑦𝑦
(𝑥, 𝜎) are second-order

partial derivatives and the two-dimension convolution of
point (𝑥, 𝑦) of the image 𝐼, respectively.

Instead of using a second-order Gaussian filter, a block
filter is employed to approximate the two-order partial
derivative of the Gaussian function to construct a fast-
Hessianmatrix.The approximate convolution template is uti-
lized to process the integral image, with obvious benefits.The
template is composed of simple rectangles, with computation
independent of the size of the template. A 9 × 9 box filter is
shown in Figure 3. In the original image, an image pyramid
of a different size is formed by expanding the size of the box
filter, and an integral image is applied to speed up the image
convolution. Therefore, the approximate Hessian matrix can
be obtained as

|𝐻| = 𝐷
𝑥𝑦

(𝑋)𝐷
𝑥𝑦

(𝑋) − [0.9𝐷
𝑥𝑦

(𝑋)]
2

, (6)

where 𝐷
𝑥𝑥
, 𝐷
𝑦𝑦
, and 𝐷

𝑥𝑦
are the computational results of

the box filter and the integral image. The extreme points are
determined by the determinant and the eigenvalue of the
matrix. If the determinant of 𝐻approx matrix is positive and
the two eigenvalues are different, the point is denoted as an
extreme point.

According to the fast-Hessian matrix, the extremum of
(𝑥, 𝑦, 𝜎) in the scale image can be obtained. First, nonmax-
imum suppression is carried out in the 3 × 3 × 3 stereo
neighborhood. Only the biggest of all points smaller than the

adjacent 26 points can be selected as the interest point. To
locate (subpixel location) the candidate feature points, inter-
polation can be applied in a scale space and image space, and
stable feature points and the scale value can be obtained [20].

2.2.2. Interest Point Location. To keep the characteristics of
the rotation invariance of the interest point descriptor, the
direction of the interest point should be determined first.
Next, construct a Harr wavelet response in the direction of
𝑥-axis and 𝑦-axis, which is centered on an interest point,
covering a 6𝜎 radius. Give this response a different Gaussian
weight coefficient; the closer the distance between feature
points is, the larger the weight coefficient is. The sum of the
Harr wavelet response is in the direction of 𝑥-axis and 𝑦-axis
within 60∘ to form a local direction vector. Traverse the entire
circular area, and the direction of the longest vector is selected
as the principal direction of the interest point as shown in
Figure 4.

Construct a window region with the center as a feature
point and a side length of 20𝜎. Then, divide the window
region into 4 × 4 subregions. The 5 × 5 sampling point is
obtained from the subregion. Seek the wavelet response in
the direction of 𝑥-axis and 𝑦-axis of each sampling point,
designated as 𝑑𝑥 and 𝑑𝑦, respectively. The Gaussian filter is
performed as 𝑑𝑥 and 𝑑𝑦 in each subregion.The filter center is
seen as the feature point, and a four-dimensional eigenvector
(∑𝑑𝑥, ∑𝑑𝑦, ∑ |𝑑𝑥|, ∑ |𝑑𝑦|) is formed by summing 𝑑𝑥,
𝑑𝑦, |𝑑𝑥|, and |𝑑𝑦| in each subregion. The four-dimensional
eigenvector makes the 4 dimensions of the descriptor. Each
descriptor consists of 4 dimensions. Thus, the 4 × 4 × 4 = 64

dimensions are obtained, which are the SURF descriptor.

2.3. Extreme Learning Machine (ELM). ELM, proposed by
Huang et al., was originally developed for single-hidden-layer
feedforward neural networks and then extended to “gener-
alized” single-hidden-layer feedforward networks (SLFNs).
ELM is a novel learning algorithmwith a faster learning speed
and better generalization performance [21, 22]. The details of
the ELM algorithm can be found in [18, 23–25].

The architecture of an SLFN can be described as shown in
Figure 5, where 𝑥

𝑖
is the input sample, 𝜔

𝑖
= [𝜔
1𝑖
, 𝜔
2𝑖
, . . . , 𝜔

𝑛𝑖
]

represents the vector of link weights between all nodes in the
input layer,𝑔(𝑥) represents the activation function of neurons
in the hidden layer, 𝑏

𝑖
represents the threshold of neurons in
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Figure 4: Determine the main direction of the feature point.
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Figure 5: Architecture of an SLFN.

the hidden layer,𝛽
𝑖
= [𝛽
𝑖1
, 𝛽
𝑖2
, . . . , 𝛽

𝑖𝑚
]
𝑇 represents the vector

of link weights between the 𝑖th node in the hidden layer and
all nodes in the output layer, 𝑦

𝑗
represents the outputs of

the network, 𝑛 represents the number of nodes in the input
layer, 𝐿 represents the number of nodes in the hidden layer,
m represents the number of nodes in the output layer, and
𝑗 = 1, 2, 3, . . . , 𝑛. Then, the mathematical model of ELM can
be described as

𝑦
𝑖
=

𝐿

∑

𝑖=1

𝛽
𝑖
𝑔
𝑖
(𝑥
𝑗
) =

𝐿

∑

𝑖=1

𝛽
𝑖
𝑔 (𝜔
𝑖
⋅ 𝑥
𝑗
+ 𝑏
𝑖
) . (7)

Compared with SVM, whose kernel function greatly
affects the results [21], ELM is not as sensitive to the activation
function 𝑔(𝑥) as SVM, and almost all nonlinear piecewise
continuous functions satisfying the ELM universal approxi-
mation capability theorems can be selected as the activation
function [26], such as the sigmoid function, hard-limit func-
tion, or multiquadric function. The sigmoid function is the
major activation function applied to the feedforward neural
networks, and ELM with the hard-limit and multiquadric
functions also shows good performance [23]. Thus, in this
study, 𝑔(𝑥) is selected as a sigmoid function, and the process
of ELM can be concluded as follows:

(1) Determine the number, 𝐿, of neurons in the hidden
layer and the activation function 𝑔(𝑥) and randomly
assign 𝜔

𝑖
, 𝑏
𝑖
, and 𝛽

𝑖
.

(2) Calculate the output vector of the hidden layer.
(3) Calculate the output weight �̂�.

3. Case Study

3.1. Experimental Facilities. The experimental data were
obtained from the 2009 PHM data challenge competition.
Data were collected from a two-class standard cylinder spur
gear reducer. The reducer contains an input shaft, idler shaft,
and an output shaft. The first stage reduction gear ratio is 1.5,
and the second stage reduction gear ratio is 1.667.There are 32
teeth in the input shaft and 80 teeth in the output shaft. The
two gears on the idler shaft both have 48 teeth. Figure 6 is a
schematic of the gearbox used to collect the data and Figure 7
is the physical map of two-stage reducer.

The data were acquired using input shaft speeds of 35Hz,
45Hz, and 50Hz.The sampling frequency is 66.7Hz, and the
sampling time is set to 66.7 kHz. The fault was detected as
shown in Table 1.

3.2. Feature Extraction Based on Bispectrum and SURF.
In this section, bispectrum and SURF were utilized to
extract the feature vector, which is employed to process the
two-class gear reducer signal. Considering the influence of
environmental noise, wavelet denoising was performed on
the gearbox signal, and then the signal was demodulated
by Hilbert transform to obtain the analytic signal. Then,
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Figure 6: Schematic of the apparatus.

Table 1: Fault information of gearbox.

Normal Fault 1 Fault 2 Fault 3 Fault 4

Gear

32T Good Chipped Good Good Good
96T Good Good Good Good Good
48T Good Eccentric Eccentric Good Good
80T Good Good Good Broken Good

Bearing

IS:IS Good Good Good Inner Inner
ID:IS Good Good Good Ball Good
OS:IS Good Good Good Outer Good
IS:OS Good Good Good Good Good
ID:OS Good Good Good Good Good
OS:OS Good Good Good Good Good

Shaft Input Good Good Good Imbalance Good
Output Good Good Good Good Keyway sheared

Figure 7: Physical map of two-stage reducer.

bispectrum was employed to analyze the analytic signal.
Herein, the direct method was adopted, and the bispectrum
contour map of different fault modes is shown below.

Four fault modes were collected in this section, namely,
fault 1, fault 2, fault 3, and normal condition. Specific informa-
tion is shown in Table 1.The length of the data is 5000 in each
group. Figures 8–12 are bispectrum contour maps of faults

1–4, respectively. Three datasets have been selected for the
comparison. From the contour map, we can see that different
failure modes have different frequency distributions, which
can reflect the differences between the different fault modes.

In the experiment, the SURF descriptor extracted fea-
ture points with 64 dimensions. Then, principal component
analysis (PCA) was utilized to reduce the dimensions to
20 dimensions. The first three principal components are
presented in a three-dimensional space as shown in Figure 13,
from which we can conclude that the features separately
show a strong ability. However, to identify the failure modes
accurately, the feature must be combined with a classifier.

(3) Fault Diagnosis Results Based on ELM. The input eigen-
vector of ELM was extracted by bispectrum and SURF. For
each fault mode, 240 sets of data were collected. The 80 sets
were selected randomly for training the extreme learning
machine.The other 160 sets were selected as test data. Usually,
fault diagnosis accuracy is selected as the metric of the
effectiveness of fault diagnosis method, as in [7, 27, 28]. In
this study, fault diagnosis accuracy is also selected to verify
the proposed method. To display the results visually, the



Shock and Vibration 7

Figure 8: Bispectrum contour map of normal condition.

Figure 9: Bispectrum contour map of fault 1.

Figure 10: Bispectrum contour map of fault 2.

classification result was contrasted with the actual result. The
accuracy rate is defined as the odds ratio of the right result and
the total result. The diagnosis result is shown in Figure 14(a).

For comparison, the proposed method is compared
with traditional diagnosis method based on empirical mode
decomposition (EMD). EMD, as an effective decomposition
method for nonlinear and nonstationary signals, has been
applied to fault diagnosis of gearbox.However, the problemof
mode mixing which existed in the EMDmakes Figures 14(a)
and 14(b) unable to fully decompose a signalwith intermittent
components, which will affect the accuracy of fault diagnosis.
Herein, EMD is used to decompose the origin signal into
several intrinsic mode functions (IMFs) and the singular
value is used as feature vector. Then put them into the ELM
classifier. The fault diagnosis result is shown in Figure 14(b).

In Figure 14 the horizontal ordinate represents the normal
condition and 4 fault conditions, while the vertical ordinate
represents the numbers of correct diagnosis classifications.
The diagnosis accuracy of each fault mode using both
diagnosis method based on image processing and traditional
EMD is listed in Table 2 in detail.

From Table 2, we can see that, in the proposed fault
diagnosis method based on image processing, the diagnosis
accuracy of normal condition and 4 fault conditions reaches
96.25%, 98.75%, 97.5%, 87.50%, and 97.5%, respectively,
among which the highest diagnosis accuracy reaches 98.75%,
while the lowest is 87.5%. The average diagnosis accuracy of
the five conditions is 95.5%, indicating the high effectiveness
of the proposed method based on image processing.

The diagnosis accuracy using traditional method based
on EMD under each fault mode is 90.625%, 92.5%, 91.25%,
79.375%, and 91.25%, respectively. The highest accuracy,
92.5%, is 6.25% lower than the proposed diagnosis method
based on image processing. While the lowest accuracy,
79.375%, is 8.125% lower than the proposed method. The
average accuracy of the five fault modes is 89%, 6.5% lower
than the proposed method.

The diagnosis accuracy results are listed in Figure 15 in
histogram for a clearer comparison. From Figure 15, it can
be seen that, for each fault mode, the fault diagnosis based
on bispectrum and SURF has higher accuracy, demonstrating
the superiority of the proposed method.

4. Conclusions

In this paper, a novel fault diagnosis method for a gearbox
based on the image processing technology is first proposed.
The method contains the following three main steps. (1) The
first step is image generation process: a bispectrum analysis
is applied to transform the vibration after wavelet denoising
and Hilbert demodulation. (2) The second step is feature
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Table 2: Fault diagnosis result.

Fault types Testing samples Correct diagnosis results Accuracy
Bispectrum and SURF EMD Bispectrum and SURF EMD

Normal 160 154 145 96.25% 90.625%
Fault 1 160 158 148 98.75% 92.50%
Fault 2 160 156 146 97.50% 91.25%
Fault 3 160 140 127 87.50% 79.375%
Fault 4 160 156 146 97.50% 91.25%
Total 800 764 712 95.5% 89.00%

Figure 11: Bispectrum contour map of fault 3.

Figure 12: Bispectrum contour map of fault 4.
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extraction process: SURF is introduced to extract the feature
points of the bispectrum contour map automatically. (3)
The third step is fault pattern recognition process: based
on the features extracted by SURF, ELM is then used to
identify the fault types of the gearbox. Differing from the
traditional fault diagnosis method of vibration analysis in a
one-dimensional space, the method applying the computing
method to a field of image processing in a 2-dimensional
space accomplished autoextraction and fault diagnosis of the
gearbox. Almost no manual intervention was needed for
the whole diagnosis process, which avoids the limitations
of other methods that require a large amount of expert
knowledge. Simultaneously, the results of the case study fully
demonstrated the effectiveness and high diagnostic accuracy
of the image-processing-based method for the gearbox.

Our subsequent work will be focused on the following:

(1) In view of the complex structure of the gearbox, more
fault modes should be taken into account. Therefore,
we should apply thismethod tomore fault types of the
gearbox.
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Figure 14: (a) Fault diagnosis result of ELM based on EURF. (b) Fault diagnosis result of ELM based on EMD.
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Figure 15: Result comparison of EMD and SURF.

(2) We should improve the computing speed while main-
taining diagnostic accuracy.
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