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Abstract: Wear debris in lube oil was observed using a direct reflection online visual ferrograph
(OLVF) to monitor the machine running condition and judge wear failure online. The existing
research has mainly concentrated on extraction of wear debris concentration and size according
to ferrograms under transmitted light. Reports on the segmentation algorithm of the wear debris
ferrograms under reflected light are lacking. In this paper, a wear debris segmentation algorithm
based on edge detection and contour classification is proposed. The optimal segmentation threshold
is obtained by an adaptive canny algorithm, and the contour classification filling method is applied
to overcome the problems of excessive brightness or darkness of some wear debris that is often
neglected by traditional segmentation algorithms such as the Otsu and Kittler algorithms.

Keywords: ferrography; classification of contours; segmentation of wear debris

1. Introduction

During the operation of tribo-pairs, specific wear debris will be produced. The rate of debris
generation, size distribution, shape and color are closely related to the wear state of tribo-pairs [1-3].
Analysis of wear debris in lube oil is of great significance for ensuring safe and efficient equipment
operation [4]. Currently, many types of wear debris detection techniques have been developed [5,6].

Among the many technologies, machine vision-based methods can obtain more comprehensive
wear debris characteristics, such as morphology, size and color, etc., which are hot spots in current
research. Iwai et al. [7] developed an image-based wear debris dynamic counter, estimated the debris
thickness by adjusting the imaging focal length to estimate the total wear amount, and verified the
effectiveness on a friction and wear tester. Based on a similar method, Wu et al. [8-11] proposed a
method of wear debris monitoring that realized a three-dimensional reconstruction of dynamic debris
under low-information conditions, developed a classification algorithm for wear debris, and applied it
to monitoring oxidative wear. Mabe et al. [12] designed a lensless debris online imaging device that
integrates a microfluidic structure and an embedded image processor with an identification accuracy
of 1 um.

Ferrography is another important debris analysis technique. Compared with the wear debris
analysis methods mentioned above, the biggest difference in ferrography is that a high-gradient strong
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magnetic field is used to deposit and separate wear debris from lube oil, which is then imaged to obtain
a high-quality ferrogram [13]. Ferrography can evaluate the anti-wear properties of lube oil [14], wear
type and wear intensity of tribo-pairs [15,16]. Ferrography has been widely used and has played a
huge role in the analysis of mechanical system wear [17]. However, the traditional offline ferrography
uses periodic manual sampling analysis, and there is information lag making it difficult to capture
transient wear information; plus, it cannot fully characterize the behavior or natural degradation of a
tribo-pair over time.

For real-time wear monitoring, Mao and Xie developed an online visual ferrograph (OLVEF)
using a combination of high gradient magnetic field deposition and image analysis techniques [18].
Wau et al. [19] proposed a wear debris segmentation algorithm for OLVF ferrograms using gray level
and integrated morphological features and verified the effectiveness using gearbox oil samples. On this
basis, OLVF is applied to automobile engine monitoring to capture abnormal wear, effectively avoiding
serious faults [20,21]. Fan et al. [22] used OLVF to rapidly detect engines on the production line, capture
the abnormal wear of the cylinder liner-piston pair, and isolate problem engines. Feng et al. [23] applied
OLVF to monitor the gearbox wear process during the whole life cycle and established a model for the
change in debris concentration to quantitatively analyze the gear wear process. The above studies are
based on OLVF ferrograms under transmitted light conditions. Because of the deficiencies of the OLVF
optical system, the topography and color characteristics of wear debris cannot be reliably obtained and
oil transparency has a significant influence on image quality. When the lubricant ages and becomes
black, it is impossible to effectively image wear debris.

In order to improve image quality, Li et al. [24] improved the optical imaging system of OLVF
and designed a circular LED reflecting light element to achieve high brightness and uniform radiation.
Then, a new mathematical model was proposed to analyze the illuminance uniformity of the improved
OLVF CMOS image plane. The results show that the non-uniformity of the imaging plane is less than
5.6% [25]. Thereby, OLVF ferrograms are acquired under reflective conditions making it possible to
extract surface morphology and color characteristics of wear debris. Further, Li et al. [26] proposed
a new imaging structure that reflected wear debris under black oil conditions and expanded the
application range for OLVFE.

Existing wear debris extraction studies are mostly directed to transmission OLVF ferrograms,
and few are directed to reflected light OLVF ferrograms. The difference between transmission and
reflection ferrograms is huge. Unlike transmission ferrograms, reflection ferrogram information is
more complicated, making it more difficult to extract debris features [27]. Wear debris segmentation is a
prerequisite for extracting features such as color and morphology of wear debris, but there is currently
no method for segmenting wear debris from reflected light OLVF ferrograms. For offline ferrograms,
a variety of segmentation and debris feature algorithms have been proposed [28-31] that cannot be
directly used for segmenting reflected light OLVF ferrograms because the different lighting conditions
between OLVF and offline ferrographs lead to different wear debris appearance. Additionally,
compared to offline ferrograms, there is often strong interference and relatively low contrast in
OLVF ferrograms, and the time effectiveness of the image processing algorithm is relatively high.

In this paper, a method for wear debris segmentation based on edge detection and contour
classification is proposed. First, a background subtraction method is used to simply distinguish the
wear debris in the image, and then the morphological black hat operation is used to enhance the
portion of the wear debris region that is close to the background color, and the bilateral filtering method
is used to denoise the debris image. Next, the adaptive canny algorithm is used for edge detection
to obtain wear debris contour information. Then, the inner contour is used to identify the enclosed
area as the wear debris or the background by using a histogram similarity measure method. Finally,
the classified wear debris contours are respectively determined. Filling is performed to achieve OLVF
wear debris segmentation under reflected light conditions.
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2. Methods

In this paper, the wear debris was segmented using edge detection and contour classification
methods to obtain a segmentation image for the extraction of subsequent wear debris features. First,
background subtraction was performed to obtain a preliminary wear debris image. Second, the
preliminary image was superimposed on the wear debris image treated by the morphological black
hat operation to enhance parts of the wear debris region similar to the background image. Third,
the enhanced debris image is subjected to denoising using a bilateral filtering method, and then the
enhanced debris image was treated by Otsu binarization and edge detection before being superimposed.
In addition, the contour classification method was adopted to perform contour differentiation for the
images superimposed in the previous step, followed by wear debris filling and background filling,
resulting in final binarized wear debris images. The conceptual diagram of the method is shown in
Figure 1, and more detailed descriptions are shown below.
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Figure 1. Proposed wear debris segmentation method.
2.1. Wear Debris Image

As shown in Figure 2, an OLVF is connected to a back-to-back gear rig. The in-used lube oil was
drawn from the gearbox into the OLVF by a peristaltic pump and then drained back into the gearbox.
The gear rig consisted of two oil-bath lubricated spur gearboxes. A torsion bar was twisted by relative
rotation between two flanges of the load coupling to apply torque on the test gearbox. The gearbox rig
was driven by an AC three-phase electrical motor (3 kW) at 1450 rpm. Test gear parameters are listed
in Table 1. The lubricant was L-AN68 40# machine oil. Additionally, a computer communicated with
the OLVF micro-control unit (MCU) to forward the sampling parameters, including the deposition
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time (30 s), sampling period (2 min), magneto-motive force (800 AN), flow rate of the rinse channel
(10 mL/min), and flow rate of deposited debris (4 mL/min). The wear debris is separated from the

lube oil in a high gradient magnetic field, and the reflected light OLVF ferrograms were obtained by an
8-bit CMOS camera (OV7725).
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Figure 2. The back-to-back gearbox rig equipped with an online visual ferrograph (OLVEF):
(a) photograph; (b) schematic.

Table 1. Details of test gears.

Parameter Pinion Wheel
Number of teeth 17 24
Module (mm) 6
Center distance (mm) 125
Pressure angle (°) 20
Addendum modification +0.282 +0.0707
Face width (mm) 10
Roughness Ra (pm) 2-3
Hardness (HRC) 40-45
Material 45#

As seen from the typical wear debris ferrogram in Figure 3, when OLVF is imaging wear debris,
the debris is wrapped in lube oil. Consequently, the wear debris image suffers from considerable
interference caused by light, the oil transparency, etc. In the OLVF ferrogram, there is either darker or
brighter wear debris influencing the contrast differences between the wear debris and background,
leading to missing some when segmenting wear debris and mistakenly recognizing the partial
interference shadow as wear debris. Unfortunately, the defects mentioned above cause large errors
when extracting wear debris features.
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(a) (b)
Figure 3. Typical OLVF ferrogram under reflected light: (a) wear debris image; (b) image background.

As seen in Figure 3a, the initial wear debris images contain considerable noise, preventing
complete distinguishing of wear debris from the background. Therefore, it was necessary to enhance
the initial wear debris image to remove noise.

2.2. Wear Debris Image Enhancement

Background subtraction was performed first. The background image was subtracted from the
wear debris image to obtain a preliminary processed wear debris image. The result is shown in
Figure 4a. It can be seen that the noise in the wear debris caused by uneven illumination is passed
on to the image obtained after background subtraction. In addition, wear debris regions with similar
color to the background has a low contrast ratio and is difficult to identify.

(©) (d)

Figure 4. Wear debris image enhancement: (a) background subtraction; (b) black hat operation;
(c) superimposed wear debris image; (d) bilateral filtering.
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Therefore, the original wear debris image was processed using the morphological black hat
operation that the closed operation image subtracts the original image. Its function is to highlight
areas darker than the area around the contour of the original image, as shown in Figure 4b. By
superimposing Figure 4a,b, the wear debris regions, similar color to the background, are strengthened.
The superimposed image is shown in Figure 4c. Obviously, there is still noise in the superimposed
wear debris image passed from the original wear debris image. Thus, the bilateral filtering method
was used to denoise it. The result is shown in Figure 4d.

2.3. Initial Segmentation of Wear Debris Edge Detection Based on an Adaptive Canny Operator

The enhanced wear debris image applied edge detection based on the self-adaptive canny operator.
The main processes included applying a Gaussian function to the filter, calculating the gradient and
amplitude, and constructing a gradient histogram. The first derivative of the two-dimensional Gaussian
function was used to low-pass filter the wear debris. Let the two-dimensional Gaussian function be:

G(x,y) = an(ﬂexp(—xz;yz) 1
The gradient vector is:
where: - 2 X
x = kx exp(w> exp<;ﬂ> (©)]
E;j =ky exp(—éi) exp(—zfz) 4)

where k is a constant and ¢ is a Gaussian filter parameter that controls the smoothness of the image.
For the enhanced wear debris image, the image gradients in the x and y directions were solved
and denoted as px(i,j) and py(i, j), respectively. Then, the gradient magnitude of wear debris is:

M(i,j) = /p<2(i.]) + Py ) (5)

Based on the gradient magnitude obtained from the above formula, a wear debris image gradient
histogram was constructed.

To determine the optimal segmentation threshold for the high-low gradient region in the gradient
histogram, the self-adaptive canny algorithm steps are as follows:

1.  Select an initial estimate for threshold T;

2. The self-adaptive canny algorithm steps are as follows. The image is segmented using a threshold
Ty in which case two sets of pixels are generated: Image G; is constituted by all pixels with a
gray value greater than or equal to T, and image G is constituted by all pixels with a gray value
smaller than T;

3. Calculate the average gray values y1 and py in the range of G and Gy;

4.  Calculate new thresholds T = (y1 + 12)/2;

5. Repeat steps 2 through 4 until the threshold changes in successive iterations are smaller than the
pre-specified parameters T}.

The optimal segmentation threshold for the high-low gradient region in the gradient histogram
was obtained, and image edge tracking is performed, thereby realizing edge detection. The results are
shown in Figure 5a.

Figure 5b is the result of superposition of the wear debris image after binarization and the wear
debris image treated with the adaptive canny algorithm. From the binarized wear debris image,
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it can be seen that the contour boundary line is not continuous, whereas in the wear debris image
processed by the adaptive canny algorithm the contour boundary line is clear and continuous. Through
superposition of the two images, the contours of the binarized wear debris image are more continuous
and accurate.
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(a) (b)

Figure 5. Superimposed wear debris image: (a) Otsu method; (b) superposition of the wear debris
image after binarization and treatment by the adaptive canny algorithm.

2.4. Contour Classification

As seen from the segmented image in Figure 5b, contour lines of many wear debris regions are not
continuous, holes can be observed, and large errors exist in segmentation. By expanding the boundary
chain code of the preliminary segmented wear debris image, wear debris shape parameters were
extracted, so that the identified contour could be divided into large and small contours in terms of area
and divided into contour and outer contours in terms of location. To further distinguish whether the
area within the contour was wear debris or image background, we calculated the histograms of the wear
debris and background images within the inner contour range, as well as the Bhattacharyya distance
between the two histograms. Then, the similarity between the two histograms was determined.

Statistically, the Bhattacharyya distance measures the similarity of two probability distributions.
It can be used to calculate the relative closeness of the two samples being considered and can be
applied in target detection and tracking.

For probability distributions p and g over the same domain X, the Bhattacharyya distance is
defined as:

DB(p,q) = —In(BC(p,q)), ~ 0<DB < 0 (6)

where BC(p, q) is the Bhattacharyya coefficient, and the calculation formula is:

BC(p,q) = )_ 4/p(x)q(x), 0<BC<1 @

xeX

Equation (8) is the discrete distribution function. The continuous distribution function is

defined as:
BC(p.g) = [ \/p(x)a(x),  0<BC<1 ®)

The Bhattacharyya distance was used to calculate the similarity between the target and
probabilistic models for the initial image. The higher the similarity, the better is the representation
of the target in the image area. Thus, the contour area could be distinguished as wear debris or
background. The contour area of the debris was filled to finally obtain the binary wear debris image.
The effect diagram is shown in Figure 6. The hole in the wear debris area was removed completely,
and the contour was clear and coherent. Better wear debris segmentation was obtained.
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Figure 6. Final binarized wear debris image.

3. Results and Discussions

The topography of the grayscale ferrogram is illustrated in Figure 7. The gray level of the
background image is about 150, and the grayscale range of wear debris is large. Light-absorbing
debris is darker than the background, whereas reflective light debris is the opposite. Consequently,
some threshold segmentation results are erroneous. Figure 8a depicts a binarized image using the
Otsu algorithm. The global threshold selected on the histogram characteristics cannot effectively
identify debris with a large grayscale. Because the gray value distribution of the background is not
uniform, the selected global threshold mistakenly identifies part of the background area as wear debris,
making it difficult for the Otsu method to effectively segment wear debris under reflected light, and the
corresponding area appears to be fragmented. The image was divided by an approximate threshold
to find the average gray value, and then a new threshold was set until that value does not change in
the two parts. Using this process, a binarized image produced with the iterative algorithm is shown
in Figure 8b. The advantage of this method is that the segmentation effect for the region with higher
discrimination between the debris and the background is obvious, and the smaller debris region has
better segmentation. However, areas with dark backgrounds are identified as wear debris, and wear
debris under reflected light cannot be effectively segmented.

The binarized image shown in Figure 8c produced using the Kittler algorithm could obtain the
optimal segmentation threshold based on the minimum error of the wear debris and the background
image. Therefore, the method has an obvious effect on image segmentation with a large difference
between the wear debris and background variance, and the influence of uneven illumination is
suppressed to some extent, but a considerable amount of small wear debris with low contrast is filtered
out. In addition, light-reflecting wear debris is not effectively identified.

As for Figure 8d, the binary wear debris image produced using the Niblack algorithm obtained
the binarization threshold calculated by the mean and standard deviation of the pixel point gray
values near a certain pixel and its neighborhood, thereby performing local area binarization. When
the selected areas all contain debris, segmentation is more prominent, but if the selected regions are
background points, the algorithm treats the points with higher gray values as wear debris, leading to
the introduction of pseudo noise.

250

200

Figure 7. Topography of the grayscale ferrogram.
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Figure 8. Images produced by different binarization methods: (a) Otsu method; (b) iterative method;
(c) Kittler method; (d) Niblack method; (e) cyclic threshold method; and (f) fixed threshold method.

In Figure 8e, the grayscale image is converted from wear debris and then divided into two parts
to obtain the average gray value, and the average threshold for segmentation is set to produce the
binary image using the loop threshold algorithm. This method is similar to the iterative method. It has
good segmentation of the wear debris in a small area, but it is significantly affected by the illumination
factor, and identifying and segmenting the wear debris under the reflected light is difficult. Figure 8f is
the image obtained by binarization of a fixed threshold method, and the segmentation threshold can be
adjusted at any time to optimize the image segmentation. However, the grayscale of the debris is large,
and the background grayscale distribution is not uniform. The selected threshold always loses some of
the debris characteristics, or some of the darker light regions may be mistakenly identified as debris.

To further verify the effectiveness of the algorithm, experiments were performed on sets of
small and large debris ferrograms. The red dotted circles in the pictures indicate reflective regions of
wear debris. For the small debris ferrograms, the algorithm can obtain better segmentation. Figures 9
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and 10a,b show that in large debris ferrograms, wear debris adheres to itself to easily form a background
region surrounded by the inner contour, and the identification of these regions is key to wear debris
segmentation. As shown in Figure 10d,e the algorithm can better identify these areas. For small and
large wear debris ferrograms, the algorithm can get better segmentation results. Compared with
the above methods, the wear debris segmentation method proposed in this paper removes the noise
caused by illumination and other factors and fills the binary image using the contour filling method
and ensuring wear debris capture. Our method simultaneously has better segmentation.

(d) ' @) ®

Figure 9. Segmentation of ferrograms with small wear debris: (a—c) reflected light OLVF ferrograms;
(d—f) binarization images.

P

(d) © ®

Figure 10. Segmentation of ferrograms with large wear debris: (a—c) reflected light OLVF ferrograms;

(d-f) binarization images.
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4. Conclusions

Under reflected light, the OLVF particle ferrogram suffers from interference that negatively
impacts wear debris segmentation. Some wear debris is darker than the background and some is
brighter, which may lead to missing wear debris of similar color to the background when using the
traditional segmentation method. In this study, a wear debris segmentation algorithm based on edge
detection and contour classification was proposed. First, the morphological black hat operation was
performed to highlight the wear debris of similar color to the background. The wear debris image
was enhanced by bilateral filtering, and the image was subjected to preliminary segmentation by the
adaptive canny operator. Then, the contour of the preliminarily segmented image was searched. For
the inner contour, the histogram similarity measurement method was used to identify whether the area
enclosed by the inner contour was wear debris or background. Finally, the contours of classified wear
debris were filled to achieve OLVF wear debris segmentation under reflected light. Compared with
the traditional segmentation method. The proposed method effectively recognizes both light-reflecting
and light-absorbing debris regions, and a more accurate wear debris segmentation is obtained, which is
helpful for improving morphological characteristics extraction and pattern recognition of wear debris.

Author Contributions: S.F, J.L. and Y.Z. wrote the manuscript and analyzed the data. G.Q. analyzed and
interpreted the data. After the manuscript was finished, Y.Z. and L.H. reviewed the manuscript. ].M. provided
experimental data.

Funding: The financial support of the present research was provided by the National Science Foundation of
China (Grant No. 51675408), the Science and Technology Research Project of Chongqing Municipal Education
Commission (Grant Nos. KJ1704108 and KJ1600428) and the Chongqing Science and Technology Commission
(CSTC) (Grant No. cstc2015jcyjBX0066).

Acknowledgments: We thank Bo Li at Xi’an Shiyou University for his help with this article. Finally, we are very
grateful to the anonymous reviewers for their helpful comments and constructive suggestions.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Yuan, C.Q.; Yan, X.P; Peng, Z. Prediction of surface features of wear components based on surface
characteristics of wear debris. Wear 2006, 263, 1513-1517. [CrossRef]

2. Kumar, A; Ghosh, S.K. Size distribution analysis of wear debris generated in HEMM engine oil for reliability
assessment: A statistical approach. Measurement 2010, 131, 412—418. [CrossRef]

3. Cho, U,; Tichy, ].A. Quantitative correlation of wear debris morphology: Grouping and classification. Tribol.
Int. 2000, 33, 461-467. [CrossRef]

4.  Ebersbach, S.; Peng, Z.; Kessissoglou, N.]J. The investigation of the condition and faults of a spur gearbox
using vibration and wear debris analysis techniques. Wear 2006, 260, 16-24. [CrossRef]

5. Liu, W. Handbook of Materials Failure Analysis with Case Studies from the Chemicals, Concrete and Power Industries;
Butterworth-Heinemann: Waltham, MA, USA, 2015; pp. 311-353.

6. Zhu, X.; Zhong, C.; Zhe, J. Lubricating oil conditioning sensors for online machine health monitoring—A
review. Tribol Int. 2017, 109, 473-484. [CrossRef]

7. Iwai, Y;; Honda, T.; Miyajima, T.; Yoshinaga, S.; Higashi, M.; Fuwa, Y. Quantitative estimation of wear
amounts by real time measurement of wear debris in lubricating oil. Tribol. Int. 2010, 43, 388-394. [CrossRef]

8. Wang, S.; Wu, TH,; Yang, L.F,; Kwok, N.M.; Sarkodie-Gyan, T.P. Three-dimensional reconstruction of wear
particle surface based on photometric stereo. Measurement 2019, 133, 350-360. [CrossRef]

9.  Wu, HK,; Li, RW,; Kwok, N.M,; Peng, Y.P.; Wu, T.H.; Peng, Z.X. Restoration of low-informative image for
robust debris shape measurement in on-line wear debris monitoring. Mech. Syst. Signal Process. 2019, 114,
539-555. [CrossRef]

10. Peng, Y.P; Wu, TH.; Cao, G.Z,; Huang, S.D.; Wu, HK.; Kwok, N.M.; Peng, Z.X. A hybrid search-tree
discriminant technique for multivariate wear debris classification. Wear 2017, 392, 152-158. [CrossRef]

11. Peng, Y.P; Wu, TH.; Wang, S.; Peng, Z.X. Oxidation wear monitoring based on the color extraction of on-line
wear debris. Wear 2015, 332, 1151-1157. [CrossRef]


http://dx.doi.org/10.1016/j.wear.2006.11.029
http://dx.doi.org/10.1016/j.measurement.2018.09.012
http://dx.doi.org/10.1016/S0301-679X(00)00074-8
http://dx.doi.org/10.1016/j.wear.2004.12.028
http://dx.doi.org/10.1016/j.triboint.2017.01.015
http://dx.doi.org/10.1016/j.triboint.2009.06.019
http://dx.doi.org/10.1016/j.measurement.2018.10.032
http://dx.doi.org/10.1016/j.ymssp.2018.05.032
http://dx.doi.org/10.1016/j.wear.2017.09.022
http://dx.doi.org/10.1016/j.wear.2014.12.047

Sensors 2019, 19, 723 12 of 12

12.

13.
14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Mabe, J.; Zubia, J.; Gorritxategi, E. Photonic Low Cost Micro-Sensor for in-Line Wear Particle Detection in
Flowing Lube Oils. Sensors 2017, 17, 586. [CrossRef] [PubMed]

Roylance, B.J. Ferrography—Then and now. Tribol. Int. 2005, 38, 857-862. [CrossRef]

Chourasia, S.; Patel, P.D.; Lakdawala, A.; Patel, R.N. Study on tribological behavior of biodiesel — Diethyl
ether (B20A4) blend for long run test on compression ignition engine. Fuel 2018, 230, 64-77. [CrossRef]
Yuan, C.Q.; Peng, Z.; Zhou, X.C.; Yan, X.P. The surface roughness evolutions of wear particles and wear
components under lubricated rolling wear condition. Wear 2005, 259, 512-518. [CrossRef]

Dai, X.J.; Wang, Y.; Yu, S.Q. Ferrographic analysis of pivot jewel bearing in oil-bath lubrication. Wear 2017,
376, 843-850. [CrossRef]

Xiao, H.L. The development of ferrography in China—Some personal reflections. Tribol. Int. 2005, 38,
904-907. [CrossRef]

Wu, TH.; Mao, ].H.; Wang, ].T.; Wu, ].Y,; Xie, Y.B. A New On-Line Visual Ferrograph. Tribol. Int. 2009, 52,
623-631. [CrossRef]

Wu, T.; Wu, H,; Du, Y.,; Kwok, N.M.; Peng, Z.X. Imaged wear debris separation for on-line monitoring using
gray level and integrated morphological features. Wear 2014, 316, 19-29. [CrossRef]

Cao, W,; Dong, G.; Xie, Y.B.; Peng, Z. Prediction of wear trend of engines via on-line wear debris monitoring.
Tribol. Int. 2018, 120, 510-519. [CrossRef]

Zhang, Y.L.; Mao, ].H.; Xie, Y.B. Engine Wear Monitoring with OLVE. Tribol. Trans. 2011, 54, 201-207.
[CrossRef]

Fan, B.; Feng, S.; Che, Y.T.; Mao, ].H.; Xie, Y.B. An oil monitoring method of wear evaluation for engine hot
tests. Int. . Adv. Manuf. Technol. 2018, 94, 3199-3207. [CrossRef]

Feng, S.; Fan, B.; Mao, J.H.; Xie, Y.B. Prediction on Wear of a Spur Gearbox by On-Line Oil Debris
Concentration Monitoring. Wear 2015, 336, 1-8. [CrossRef]

Li, B.; Feng, S.; Mao, ]. H.A. Design Method and Its Implementation of an LED Array Reflecting Light for
On-Line Visual Ferrograph. . Xi'an Jiaotong Univ. 2014, 48, 29-34.

Li, B.; Feng, S.; Mao, J.H. Illumination Uniformity of an Imaging System for On-Line Visual Ferrograph.
Opt. Precis. Eng. 2016, 24, 2347-2356.

Li, B.; Xi, YH.; Feng, S.; Mao, ] H.; Xie, Y.H. A direct reflection OLVF debris detector based on dark-field
imaging. Meas. Sci. Technol. 2018, 29, 065104. [CrossRef]

Luo, J.E; Qiu, G;; Feng, S.; Han, L. Segmentation of Wear Debris Based on Edge Detection and Contour
Classification. In Proceedings of the 2018 International Conference on Sensing, Diagnostics, Prognostics, and
Control, Xi’an, China, 15-17 August 2018; pp. 309-313.

Kirk, T.B.; Panzera, D.; Anamalay, R.V,; Xu, Z.L. Computer image analysis of wear debris for machine
condition monitoring and fault diagnosis. Wear 1995, 181, 717-722. [CrossRef]

Wang, ].Q.; Bi, J.; Wang, L.G.; Wang, X.L. A non-reference evaluation method for edge detection of wear
particles in ferrograph images. Mech. Syst. Signal Process. 2018, 100, 863-876. [CrossRef]

Wang, ].Q.; Bi, J.; Wang, L.G.; Wang, X.L. A wear particle identification method by combining principal
component analysis and grey relational analysis. Wear 2013, 304, 96-102. [CrossRef]

Yuan, W.; Chin, K.S.; Hua, H.; Dong, G.G.; Wang, C.H. Shape classification of wear particles by image
boundary analysis using machine learning algorithms. Mech. Syst. Signal Process. 2016, 72, 346-358.
[CrossRef]

® © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.3390/s17030586
http://www.ncbi.nlm.nih.gov/pubmed/28335436
http://dx.doi.org/10.1016/j.triboint.2005.03.006
http://dx.doi.org/10.1016/j.fuel.2018.05.055
http://dx.doi.org/10.1016/j.wear.2004.11.011
http://dx.doi.org/10.1016/j.wear.2017.02.001
http://dx.doi.org/10.1016/j.triboint.2005.03.010
http://dx.doi.org/10.1080/10402000902825762
http://dx.doi.org/10.1016/j.wear.2014.04.014
http://dx.doi.org/10.1016/j.triboint.2018.01.015
http://dx.doi.org/10.1080/10402004.2010.534838
http://dx.doi.org/10.1007/s00170-016-9473-8
http://dx.doi.org/10.1016/j.wear.2015.04.007
http://dx.doi.org/10.1088/1361-6501/aab9fc
http://dx.doi.org/10.1016/0043-1648(95)90188-4
http://dx.doi.org/10.1016/j.ymssp.2017.08.014
http://dx.doi.org/10.1016/j.wear.2013.04.021
http://dx.doi.org/10.1016/j.ymssp.2015.10.013
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Methods 
	Wear Debris Image 
	Wear Debris Image Enhancement 
	Initial Segmentation of Wear Debris Edge Detection Based on an Adaptive Canny Operator 
	Contour Classification 

	Results and Discussions 
	Conclusions 
	References

