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a b s t r a c t
Appearance defects inspection plays a vital role in bearing quality control. Human inspection is a traditional way to remove defective bearings, which is instable and time consuming. In this paper, we develop a machine vision system for bearing defect inspection, which
can inspect various types of defects on bearing covers, such as deformations, rusts,
scratches and so on. The proposed system designs a novel image acquisition system to
enhance the defects appearances and get controlled image acquisition environment. A series of image processing methods are proposed or utilized to inspect the defects. Especially,
for the deformation defects on seal, we ﬁnd a common rule on the distribution of projection, and design a simple but effective inspection algorithm based on the rule. The
proposed system is evaluated and compared with skilled human by the recall, precision
and F-measure. Experimental results show that the proposed vision system has high accuracy and efﬁciency.
Ó 2012 Elsevier Ltd. All rights reserved.

1. Introduction
In the industry of machinery, bearings are important
components that connect different machine parts to reduce frictions. They have been widely used in air conditioners, cars, and many other rotating machines. The
quality of bearings can directly inﬂuence the performance
of many machines, and may even cause serious disasters.
Bearings are usually mass-produced with high demand of
precision, and a lot of inspection measures have been
adopted in the production process to ensure the quality
of bearings. The inspection measures can be classiﬁed into
three steps: material inspection, assembling inspection
and ﬁnal goods inspection. The material inspection is
mainly focused on the dimension and surface inspection
of the receiving materials, such as inner rings, outer rings
and balls. The assembling inspection is used to inspect
the defects that are caused by assembling process, including surface inspection and vibration test. The ﬁnal goods
inspection is mainly focused on the surface defects, giving
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a full inspection before packing, so the result of ﬁnal goods
inspection can directly inﬂuence the product quality. Currently, the inspection of bearings in manufacture mainly
depends on skilled human inspectors with the help of
bright lights. The manual activity of inspection is subjective and highly dependent on the experience of human
inspectors, which cannot provide a guarantee of quality.
In addition, working under bright lights for a long time is
harmful to human’s health. Therefore, automatically
inspecting the defects of bearings becomes an important
issue, and the computer vision can play a crucial role in it.
Machine vision has made great progresses in the past
few decades. Much work has been done in this ﬁeld [1],
and some inspection techniques for uniform surface have
already been used in industries, for example, the inspection of textiles [2–4], and steel detection [5,12]. However,
for the products with low contrast property or complex
shape, there is still much work left to be done. For low
contrast products, Satorres Martínez et al. [6] designed a
binary active lighting system to get an enhanced defect
image so that defects on non-plane transparent surfaces
can be detected and characterized. Chao and Tsai [7]
presented an uniﬁed continuous diffusion coefﬁcient function that can adaptively carry out smoothing or sharpening
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Fig. 1. Some common defects of bearing.

operation with only two parameters for defect detection in
low-contrast images. The method has been used for the
inspection of LCD glass substrate surfaces. For products
with complex shape, Chiou and Li [8] proposed a multiview system for the inspection of PU-packing. They used
area-scan cameras to check the top and bottom surfaces
of a packing, and line-scan cameras to simultaneously scan
inner and outer cylindrical surfaces of it. Sun et al. [9] also
designed a multi-view system to inspect electric contacts.
The system consisted of three sub-systems, to inspect different types of defects on top, side and bottom surfaces of
electric contacts, respectively.
As for bearings, there are many parts need to be detected, such as the inner and outer rings, seals and chamfers. Especially, for the cover of bearings, it is hard to
capture the information of all defect types in a single image
because the contrast of seal images is low and different
defects have different properties. Few studies have been
devoted to the inspection of bearing defects. Wu et al.
[10] proposed a vision system for the inspection of tapered
roller bearing, which did not include the seals inspection.
Deng et al. [11] designed a vision system for the inspection
of bearing surfaces. It mainly focused on the region extraction, and did not mention how to deal with the logo on the
bearing seals. Wang et al. [25] proposed a bearing characters recognition system for the inspection of characters defects. Telljohann [26] designed a diameter inspection
system for rivets, which is used to rivet the bearing and
the shafts during the production of ﬂoat bearings. Most
of the proposed systems apply center-surround lighting
system to inspect the products, while for the metal seal
on bearing, it is not easy to show the defects that induce
a smooth variation on the seal surface, which makes the
inspection become impossible. So, inspection systems with

high efﬁciency and precision are required for bearing defect inspection, especially for the inspection of bearings
with metal seals.
In this paper, we propose a machine vision system for
the inspection of bearing cover defects. A novel lighting
and image acquisition system is designed to enhance the
defects appearance and get controlled environments. Then,
a series of image processing methods are proposed or utilized to inspect the defects on bearing. Especially, for the
deformation defects on seal, we ﬁnd a common rule on
the distribution of projection, and propose a simple but
effective inspection algorithm based on the rule. The proposed system is capable of inspecting various types of
appearance defects on bearing covers, including deformations, scratches, cracks and rusts. Some of the defect
images are shown in Fig. 1.
This paper is organized as follows. In Section 2, we ﬁrst
introduce the lighting and image acquisition system. Then
the proposed inspection method is presented in Section 3.
Section 4 gives experimental results of our inspection algorithm. Finally, conclusions are drawn in Section 5.

2. Lighting and image acquisition system
As shown in Fig. 2, the cover of a bearing is composed of
three parts: inner ring, seal and outer ring. During the ﬁnal
goods inspection stage, many appearance defects need to
be inspected, including the dimension of chamfers; cracks,
rusts on the inner and outer rings; and deformations,
scratches, cracks, rusts on seal. The smallest defect size
to be detected is 0.1 mm2, and the accuracy should be no
worse than human. Meanwhile, as to meet the requirement of on-line production, the time cost for the machine
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side bearings can be enhanced. For each step the machine
moves one bearing from left to right and the camera captures an image which contains three bearings. So, for one
bearing it has three images that come from three sequential instances. A typical captured image is shown in Fig. 5.
3. Inspection algorithms

Fig. 2. Components of bearing cover.

vision system should be less than 2 s, including the cost of
machine movement, image acquisition, signal transmission and defect inspection. However, it is not easy to show
all the appearance defects in one single image, especially
for deformations on seal, because of the low contrast property of metal seals. However, deformations are one of the
major defects of bearing surface, which are caused by the
production. For some deformation defects that induce a
smooth variation on the seal surface, it is not easy to show
them on a top view image. As shown in Fig. 3, there are
some deformation defects that induce a smooth variation
on the seal surface. The images are segmented from different images. The middle images are captured by a top view
camera, from which we cannot see anything about the
defect information; while from the side view images, the
defects can be seen clearly.
Considering the property of bearings, we design a new
lighting and image acquisition system for bearing cover
inspection. This system, as shown in Fig. 4, consists of an
area-scan camera, a lens, a ring-shaped white light LED
illuminator and a light shield. The camera is triggered by
software, with resolution factor of 1600  1200. Meanwhile
the camera adopts USB2.0-standard interface, so it is easy
to connect with the computer. And the focal length of lens
used in our system is 12 mm. The ring-shaped white light
LED illuminator can provide uniform diffuse light, and a
light shield is used to avoid inﬂuence that comes from
the light of environment. The image acquisition and algorithm implementation are completed on a personal
computer with PentiumÒ dual-Core 2.50 GHz CPU and 2G
RAM. In order to get the enhanced deformation information, three bearings are captured in one image, instead of
only one bearing as common. The left and right bearings
are used to inspect deformation defects, and the center
bearing is used to inspect other defects aside from deformations. The light on the center bearing is uniform, while
the light on the side bearings is changing from one side
to the other. Thus the center bearing is suitable for the
inspection of defects with sharp edges or color changes,
meanwhile, deformation defects with smooth changes on

The purpose of the system is to decide whether a bearing has appearance defects. Bearing inspection results will
be used to remove bearings with defects from good ones
automatically. As shown in Fig. 6, for a bearing, the main
procedure of the inspection algorithm consists of three
parts: left position inspection, center position inspection
and right position inspection. Most of the defects are
inspected in the center position inspection, including
dimensions, rusts, cracks and scratches, whereas left position inspection and right position inspection are mainly
focused on the detection of deformations on seals. For a
bearing, it needs to be inspected in three different images
(at different positions), while all of this can be done in
one movement, because we can inspect three different
bearings in one image. Therefore all we need to do is just
save the inspection results of three bearings and combine
the results at last.
3.1. Center image inspection
All defects except deformations will be inspected from
the center image. The algorithm ﬂow chart is shown in
Fig. 7. In order to remove noises in the image, we involve
a preprocessing procedure at the beginning. Here, a 3  3
median ﬁlter is used to smooth the image.
3.1.1. Center bearing segmentation
The purpose is to segment the center bearing from the
whole image, which mainly involves the following four
steps:
(a) As the bearing is placed around the center of the
image by the machine, we can get the approximate
position of the center bearing directly. A circle
region with a radius of height/4, is taken as the
approximate position, as shown in Fig. 8a, where
height is the height of image.
(b) Threshold methods are used to segment bearings
from background. As shown in Fig. 8a, the difference
between foreground and background is obvious.
Also we ﬁnd the histogram of the image has clear
peaks and valleys. All of these are very suitable for
the Otsu thresholding method. So the widely used
Otsu thresholding method [13,14] is adopted to
binarize the center image. The segmentation result
is shown in Fig. 8b.
(c) It can be seen from the binary image that there are
three complete black rings belonging to the center
bearing, corresponding to inner ring, seal and outer
ring respectively. The three rings are separated
clearly because outer rings of adjacent bearings are
blocked off by their chamfers. Therefore, blob analy-
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Fig. 3. The effect of capture position on the visibility of the deformation defects.

sis technology is used to extract the center bearing
from the binary image. First, the connected component labeling algorithm is applied to extract the
blobs. As illustrated in Ref. [15], some of the normal
connected component labeling algorithm does not
have a theoretical execution time, which depends
on the complexity of the connected components.
Others are not suitable for ordinary computer architectures. So we use the modiﬁed connected component labeling algorithm proposed by Ref. [15] in
our system, and the neighborhood used here is 8connected. The area and the minimum enclosing
rectangle of each blob are computed. Features of

roundness and density are used to extract the bearing rings from background noises. The features can
be formulated as follows:

roundnessi ¼

densityi ¼

hi
;
wi

hi  wi
;
areai

i ¼ 1; 2; . . . ; N

i ¼ 1; 2; . . . ; N

ð1Þ

ð2Þ

where hi and wi are the height and width of the minimum
enclosing rectangle of the ith blob, areai denotes the sum
pixels of the ith blob, and N is the number of blobs. If
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Fig. 4. Lighting and image acquisition system.

T1 < roundnessi < T2 and densityi > T3, then the ith blob will
be recognized as a complete ring belonging to the center
bearing. According to our experiment, the thresholds are
chosen as T1 = 0.9, T2 = 1.1, T3 = 2.0. The result is shown in
Fig. 8c.
(d) The edge points of inner ring and outer ring are sampled, preparing for circle ﬁtting. The edge points
sample method is illustrated in Fig. 8d. The initial
center of the bearing can be estimated via the
centers of the acquired three rings. From the initial
center to an outward direction, the ﬁrst foreground
point is sampled as an inner ring edge point,
whereas the sample direction for the outer ring is
just on the contrary. After that the least square circle
ﬁtting method [16] is used to get the accurate
parameters of the inner and outer rings’ shape.

Fig. 5. The ﬁnal captured image used for inspection.

Bearing
Move

Left image acquisition
Image 1
Deformation inspection
in left bearing image

Move

Center image acquisition
Image 2
Main inspection
in center bearing image

Results combination

Results return
Fig. 6. Main procedure of the proposed method.

Right image acquisition
Image 3
Deformation inspection
in right bearing image
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Image acquisition

Image preprocessing

Center bearing
segmentation

P2C transformation

Results return

Defect inspection

Text detection and
recognition

Dimension detection

Fig. 7. Flow chart of center image inspection.

Fig. 8. Center bearing segmentation results. (a) Approximate segmentation. (b) Binarization results. (c) Ring extraction result. (d) Edge points sampling
method. (e) Center bearing segmentation result.

Finally by shrinking the radius of inner ring and
enlarging the radius of outer ring, an expanded bearing area can be obtained. Here the expanded bearing
area is used for the size inspection of chamfers on
inner ring and outer ring. The ﬁnal segmented center
image area is shown in Fig. 8e.
3.1.2. P2C transformation
To facilitate the inspection algorithm, the ring-shaped
image of bearing is transformed into a rectangle image
by using Polar to Cartesian (P2C) coordinate transformation [8]. As shown in Fig. 9, R is the outer radius of the
expanded bearing area; R0 is the inner radius of the expanded bearing area; W is the width of the resulting rectangle image; F and D denote the original image and
destination image. To obtain the result point D(w, r) corresponding to the source image point F(x, y), the following
equation is used.



x ¼ C x þ ðr þ R0 Þ  cosðhÞ
y ¼ C y  ðr þ R0 Þ  sinðhÞ

ð3Þ

where (Cx, Cy) is the center of bearing and h = 2pw/W.
In order to keep good quality of the result image, the
bilinear interpolation method [8] is used to get a proper
pixel value. The result image is shown at the bottom of
Fig. 9.
3.1.3. Dimension detection
After the rectangle image is obtained, we utilize the projection method to segment different parts of bearing and detect the dimension defects. First, the rectangle image is
projected on the horizon direction to get the distribution
curve, and the projection value equals to the mean value
of each row. Then, a binary projection image is gotten based
on thresholds calculated according to the positions of
projection valleys. Finally the boundaries of each part can
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Fig. 9. Schematic diagram of the Polar to Cartesian coordinate transformation.

Fig. 10. Example of rectangle image segmentation. (a) Original rectangle image. (b) Horizontal projection image. (c) Binary projection image.
(d) Segmentation results.

be obtained via ﬁnding the edges of the binary projection
image. The process results are shown in Fig. 10.
The dimension detection is mainly focused on the
inspection of chamfer dimensions, sizes of rings and seal.
The mean and variance values, which are obtained by good
samples, are used to inspect whether the dimensions are
OK, which can be formulated as:

R¼

5
X

Ri

ð4Þ

1; if ðjdi  li j > 3ri Þ
0; otherwise

ð5Þ

i¼1


Ri ¼

where R is the ﬁnal return value (R > 0, means the bearing
has dimension defects), di is the dimension of part i (there
are ﬁve parts need to be inspected, as shown in Fig. 10), li
and ri are mean and variance dimension values of part i,
which are obtained by training using good samples.

3.1.4. Text detection and recognition
Much work has been done on text detection and recognition [17–19,25]. In this study, according to the property
of seal images, we develop a fast text extraction and recognition approach. Since the contrast between text regions
and backgrounds is high, the threshold algorithm is
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Fig. 11. Example of text detection procedure. (a) Original seal image. (b) Binary seal image. (c) Vertical projection result. (d) Horizontal projection result. (e)
Final result.

adopted directly to segment the seal region. Here the
threshold value is obtained as follows

TðjÞ ¼

Ws
4 1 X

Fði; jÞ;
5 W s i¼1

j ¼ 1; 2; . . . ; Hs

ð6Þ

where Ws and Hs are the width and height of seal image;
F(i, j) is the gray value of original image F at the location
(i, j). After the binary image is formed, the horizontal and
vertical projections are computed by counting the num of
foreground pixels, and lines with projection value below
a threshold are discarded. Then by removing projections
whose width are too small, we can get the ﬁnal text locations. The results are shown in Fig. 11.
A simpliﬁed text descriptor is used in this study. As
shown in Fig. 12, the text region is separated into 3  3
regions, and the text descriptor is formed by a 3  3 = 9
element feature vector. Each element of the feature represents the ratio of foreground in the corresponding region.
Then the L2-norm of the feature vector difference between
the current text and model text is used to recognize
whether the current text is the right text on seal. If the feature vector difference value diff > thrd, where thrd is the
maximum allowable feature vector difference between
the current text and the model text, the current text will
be recognized as wrong text. According to the experimental result, when thrd = 0.09, the optimal results can be
obtained.
3.1.5. Defects inspection on the center bearing
Defects often appear as distinctive gray values from the
backgrounds. So the ﬁrst step of ﬂaw detection, is to separate the image into various regions or objects in which the
pixels have similar appearances. Here the detection regions, also known as regions of interest (ROI), are mainly
focused on outer ring, seal and inner ring. We construct
an adaptive threshold surface to segment the image. After

Fig. 12. A text descriptor is composed of a 9-element feature vector.

that, the features of each candidate ﬂaw region will be
calculated. Finally, the SVM classiﬁer is adopted to recognize the candidate regions. The ﬂow chart is shown in
Fig. 13.
All the defects inspection methods are carried out step
by step as follows:
Step 1: Adaptive threshold surface construction
The adaptive threshold surface T is acquired as Formulation 7, which can be accelerated by the integral image
method [24].

Tðm; nÞ ¼

R
R
X
X

1
2

ð2R þ 1Þ

Fðm þ i; n þ jÞ;

i¼R j¼R

m ¼ 1; 2; . . . ; Hr ;

n ¼ 1; 2; . . . ; W r

ð7Þ

where F(m, n) is the gray value of the pixel located at (m, n)
of original image F, R is the radius of surrounding area, rep-

727

H. Shen et al. / Measurement 45 (2012) 719–733

Feature
extraction

Training
images

Adaptive threshold
surface construction

Candidate
regions

SVM training

Image
segmentation

Feature
extraction

SVM
prediction

Output

Fig. 13. Flow chart of defects inspection.

Image acquisition

Side bearing
segmentation

P2C transformation

Deformation inspection

Text segmentation

Image enhancement

Results return
Fig. 14. Flow chart of deformation inspection.

resenting the smoothing scale with a default value of 10,
which is obtained by our experimental results, Hr and Wr
are the height and width of the result rectangle image.
Step 2: Image segmentation
Given the adaptive threshold surface, the candidate
ﬂaw regions can be segmented from the whole image.
The pixel values of backgrounds in the original image will
be set as 0, and those of foregrounds will be kept as the
original value. The formulation is shown as follows:

(
Gði; jÞ ¼

0;



if jFði; j; Þ  Tði; jÞj < 14 Tði; jÞ

Fði; jÞ; otherwise

ð8Þ

Here we use 14 Tði; jÞ as an adaptive threshold to segment
the absolute difference between F(i, j) and T(i, j), for the
purpose of reducing the inﬂuence of light change.
Step 3: Feature extraction and classiﬁcation
This step is to separate the candidate ﬂaw regions into
two classes: true defects and noises. First of all, the connected component labeling algorithm [15] is used to get
the candidate blobs. Then the following features of each
blob are extracted for defects classiﬁcation.
 The area of blob, which is calculated by counting the
number of pixels in the blob.
 The region ﬂag, which denotes the region label (outer
ring, seal, or inner ring) that the blob belonging to.
 The location of blob, which takes a value from three
classes in each region: up, middle and bottom. Because
many noises are located near region boundaries, the
location can help avoid noises.
 The ratio of minimum enclosing rectangle of blob,
namely the ratio between width and height of the

minimum enclosing rectangle. This feature measures
the shape of the blob.
 Gray value contrast, which is obtained by calculating
the difference between mean value of original image
and that of adaptive threshold surface in the blob.
 Average and variance of gray values in the candidate
blobs.
After extracting these features, a classiﬁer is adopted to
predicate whether the candidate blob is a true defective region. The SVM algorithm proposed by Vapnik [20], have
been successfully applied in various ﬁelds [21,22]. It is easy
to train and has better generalization ability, compared
with other classiﬁers. So the most widely used open software LIBSVM [23] is adopted to classify the candidate blob
into two classes: defects and noises. We choose SVM with
the linear kernel as the classiﬁer. And the SVM has been
trained ofﬂine using training dataset consisted of labeled
defective blobs and defect-free blobs to generate a model.
As the classiﬁcation is used to predicate the information of
candidate blobs, most of the defective training blobs are
acquired by our system automatically, and rechecked by
human. For the noise training data, some are acquired by
the system, and rechecked by human, others are segmented by human. Then, in inspection procedure, the
model is used to predict the information of candidate
blobs.
3.2. Deformation inspection on side images
For deformation defects on seals, it is not easy to show
the defects by a camera and light centered image acquisition system. So we design a new image acquisition system,
capturing three bearings in one image. The normal defects
are detected on center bearing, whereas deformation
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Fig. 15. Segmentation result of left bearing based on the location restriction. (a) Segmentation result of left bearing. (b) P2C transformation result of left
bearing.

defects on seal are inspected on side bearings. The ﬂow
chart of deformation inspection algorithm is shown in
Fig. 14. The processing of left bearing and right bearing is
approximately the same, except for the start point of P2C
transformation. So in the following we will only illustrate
the inspection method for the left bearing.
As the bearing size and the distance between two adjacent bearings are constant, we can get the location of the
left bearing directly according to that of the center bearing,
which is obtained in Section 3.1.1. In addition, since there
is no need to get the precision location of seal for deformation defects inspection, we can get the approximate location of seal based on the size of bearing. Finally, as
illustrated in Section 3.1.2 we can get the P2C transformation of the seal images of the left bearing. The segmentation result of the left bearing and P2C transformation
result of the seal image are shown in Fig. 15.
3.2.1. The rule of light distribution
We can see from the seal image that the brightness
changes in backgrounds obey some rule: the brightness
increases from center to both sides. However if the seal
has deformation defects, this rule will be broken. The comparison of vertical projections is shown in Fig. 16.
Considering the curve trends of vertical projections, we
propose a simple but effective algorithm for deformation
defects inspection on seal. The texts affect the results, thus
they need to be obtained and removed from the seal image
before inspection.
3.2.2. Image enhancement
An image enhancement method is designed to facilitate
text detection, because the brightness of both texts and
backgrounds is not constant. The enhancement for the seal
image F can be formulated as:

Dði; jÞ ¼ ½Fði; jÞ  PðiÞ  fbk ðiÞ  floc ðjÞ;
i ¼ 1; . . . ; W s ;

j ¼ 1; . . . ; Hs

ð9Þ

where D(i, j) is the pixel value at the location (i, j) in the enhanced image. P(i) is the average brightness value of the ith
column, From the original seal images in Fig. 17, we can
ﬁnd that the brightness of the image is not constant; it increases from center to both sides. However in the vertical
direction the brightness of background is merely the same,
so we use the mean grayscale P(i) of each column instead
of mean grayscale of the whole image in this section to reduce the difference that caused by light changing. fbk is a
brightness coefﬁcient used to compensate the brightness
change of backgrounds. During the experiments, we ﬁnd
that the result of F(i, j)  P(i), increases monotonically with
the increasing of background light, namely P(i). So in order
to suppress the different value in light background and
highlight the different value in dark background, we set
fbk = K/P(i), where K is a constant value, here we take
K = 500 according to the experimental results. floc is a spatial coefﬁcient taking Gaussian distribution to give high
weights to pixels in center rows because the texts are
mainly localized in the center region. Some enhancement
results are shown in Fig. 17.

3.2.3. Text detection
The text detection is merely the same as Section 3.1.4.
First the vertical projection of the enhanced image is calculated and the mean ﬁlter is used to reduce the projection
noises and enhance the text information. Then the coarse
text location is obtained via binarizing the vertical projection as shown in Fig. 18. Finally the location is veriﬁed
according to the position and size information of model
texts. More results are illustrated in Fig. 19.
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Fig. 16. The comparison of vertical projections. (a) Defect free. (b) Deformation defect. (c) Deformation defect. (d) Deformation defect.

Fig. 17. Typical image enhancement results.

3.2.4. Deformation defects inspection based on vertical
projection
A vertical projection model of seal image without texts
and deformation defects in the left bearing is shown in

Fig. 20. The model is obtained by using 100 defect-free
bearings. It can be seen that the brightness increases from
center to both sides. However, as the reﬂection factors are
different between bearings, absolute brightness values for
different defect-free bearings at the same pixel location
may vary greatly. So it is unsuitable to directly use template comparison methods to inspect deformation defects.
In order to inspect deformation defects robustly and effectively, we design a self-comparison method instead of
using the template comparison methods. The vertical projection is separated into four region categories based on
the smoothness of distribution. Let P(i), P(i  k) and
P(i + k) be the project values of the ith, (i  k)th, and
(i + k)th columns, respectively. And k is the span value,
here we take k = 20. According to the brightness distribution, the projection values in these regions for defect-free
bearings should obey the following rules:
(1) In region 1, P(i) should be greater than P(i + k).
(2) In region 2, P(i) should be greater than P(i + k), but
less than P(i  k).
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Fig. 18. Example of side bearing text detection. (a) Original rectangle image of side bearing. (b) Enhanced rectangle image. (c) Vertical projection result.
(d) Mean ﬁlter result of vertical projection. (e) Binary result of (d). (f) Text detection result of side bearing.

8
0; i 2 region 1; and Pði þ kÞ  PðiÞ < T
>
>
>
>
>
0; i 2 region 2; and Pði þ kÞ  PðiÞ < T
>
>
>
>
>
>
< and PðiÞ  Pði  kÞ < T
Pdst ðiÞ ¼ 0; i 2 region 3; and PðiÞ  Pði þ kÞ < T
>
>
> and Pði  kÞ  PðiÞ < T
>
>
>
>
> 0; i 2 region 4; and Pði  kÞ  PðiÞ < T
>
>
>
:
1; otherwise

ð10Þ

where Pdst(i) 2 {0, 1} is the inspection result indicating
whether a deformation defect occurs at column i, and T is
the segment threshold, here we take T = 10. At last, combining with the size information of deformation and the
text locations, the noises can be removed, ﬁnally the detection results can be obtained.

Fig. 19. Text detection results of side bearings.

4. Experimental results
4.1. Implementation of the inspection algorithm

(3) In region 3, P(i) should be less than P(i + k), and
greater than P(i  k).
(4) In region 4, P(i) should be greater than P(i  k).
If the projection value breaks any of the decision
rules, a deformation defect is declared. The detail mathematical description of the inspection algorithm is given
by:

The inspection algorithm is programmed with the language of C++. To evaluate the effectiveness of the proposed
inspection system, two sets of bearing samples are
collected. Test set 1 includes 821 good and 100 defective
testing samples; set 2 contains 4713 good and 300 defective testing samples. All of the test samples are carefully
collected by several skilled human inspectors in a leading
bearing manufacturer of China, and each sample is
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Fig. 20. Region separation of vertical projection.

carefully inspected by several different skilled human
inspectors, the ﬁnal decision is used as the ground truth.
The defective samples are classiﬁed into deformation defects and other defects manually, because some deformation defects that induce a smooth variation on the seal
surface are allowed to be recognized as good ones, while
for other defects, all should be selected out. The restriction
of bearing inspection is set at a high level to avoid defective
bearings being recognized as good ones, thus provide a
guarantee for the quality of product. Some ﬁnal inspection
results are shown in Fig. 21. The marks on side bearings
denote deformation defects.
Meanwhile, we compare the proposed machine vision
based inspection system with experienced human inspectors. The same sample sets are also inspected by a human
inspector, and the accuracy is measured by the evaluation
criteria in the following subsection.
4.2. Evaluation criteria
In this work, we involve the precision, recall and F-measure to evaluate the performance of the proposed machine
vision system. Precision indicates the fractions of inspection results that are true positives. In other words, precision
is the ratio of correctly detected good bearings to all of the
detected good bearings. While recall indicates the fractions
of true positives, which is the ratio of correctly detected
good bearings to all of the ‘‘ground truth’’ good bearings.

precision ¼

recall ¼

TP
 100%
TP þ FP

TP
 100%
TP þ FN

ð11Þ

ð12Þ

where TP is the number of correctly recognized good bearings, FN is the number of defective bearings that are falsely
recognized as good ones, FP is the number of good bearings
that are falsely recognized as defective ones.
The F-measure is the weighted harmonic mean of precision and recall, which is formulated as follows,

Fa ¼

ð1 þ aÞ  precision  recall
a  precision þ recall

4.3. Inspection results
The results of the sample set 1 are shown in Table 1. The
machine vision system receives 805 samples and rejects
116 samples. Among the received samples, there are six
defects (FN), all of which are deformation defects that
induce a smooth variation on the seal surface. Among the
rejected samples, there are 22 good bearings (FP), most
of the wrong recognitions are caused by oil or dirty. As
our concern is to select defects from all the products no
matter they are recognized by what reason, so the accuracy
is measured only by good or defect. The F-measure of sample set 1 is 98.17%. The comparison results by skilled human inspector are shown in Table 2. For the human
inspector 830 samples are received and 91 samples are rejected. There are no good bearings misclassiﬁed as bad
ones, because the inspector will inspect every candidate
defective bearing carefully for several times. Meanwhile,
the acceptance criterion is designed according to the human acceptance. That is why the ﬁnal F-measure of human
inspector is slightly better than the machine vision system.
However, the recall value of human inspector is 98.92%, it
is 0.33% lower than that of the proposed system.
For the sample set 2, much more sample bearings are
tested to evaluate the stability and accuracy of the proposed system. The results of the proposed inspection
method are demonstrated in Table 3. A total of 5013 sample bearings are inspected, including 4713 good examples
and 300 defective samples. The machine vision system
receives 4639, and rejects 374. Eighteen bearings with defects are recognized as good ones (FN), and 92 good bearings are misclassiﬁed as defects (FP). Similar to sample
set 1, most of the FP are caused by oil or dirty. Among
the FNs, there are 16 defects that induce a smooth variation on the seal surface and 2 others. The ﬁnal F-measure
of set 2 is 98.74%. The results of human inspector for set
2 are shown in Table 4. This time, both of the ﬁnal F-measure and recall by human inspector are slightly better than
that of the proposed system. However the difference is as
little as 1% and 0.05%, respectively.
The ﬁnal comparison is shown in Fig. 22.

ð13Þ

where a is a nonnegative real value, representing the
weighted coefﬁcient between precision and recall, which
we set a = 0.8 in our work to weigh recall more than
precision.

4.4. Discussion
Although the proposed inspection algorithm for one
bearing needs three steps, we can process three different
bearings at one time and combine the results at three
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Table 1
System inspection results—sample set 1.
Actual class

Predicated class
Good

Good
Deformation
Other defects
Recall
Precision
F-measure

Deformation

Sample number
Others

799
6
16
6
49
5
0
8
32
799/(799 + 6 + 0) = 99.25%
799/(799 + 6 + 16) = 97.32%
98.17%

821
60
40

Aside from deformations, all other defects are regarded as others.

Table 2
Human inspection results—sample set 1.
Actual class

Predicated class
Good

Good
Deformation
Other defects
Recall
Precision
F-measure

Deformation

Sample number
Others

821
0
0
8
52
0
1
0
39
821/(821 + 8 + 1) = 98.92%
799/(799 + 0 + 0) = 100%
99.52%

821
60
40

Aside from deformations, all other defects are regarded as others.

Table 3
System inspection results—sample set 2.
Actual class

Predicated class
Good

Good
Deformation
Other defects
Recall
Precision
F-measure

Deformation

Sample number
Others

4621
35
57
16
106
18
2
23
135
4621/(4621 + 16 + 2) = 99.61%
4621/(4621 + 35 + 57) = 98.05%
98.74%

4713
140
160

Aside from deformations, all other defects are regarded as others.

Table 4
Human inspection results—sample set 2.
Actual class

Predicated class
Good

Fig. 21. The ﬁnal inspection results.

Good
Deformation
Other defects
Recall
Precision
F-measure

Deformation

Sample number
Others

4713
0
0
12
128
0
4
0
156
4713/(4713 + 12 + 4) = 99.66%
4713/(4713 + 0 + 0) = 100%
99.84%

4713
140
160

Aside from deformations, all other defects are regarded as others.

sequential instances. So the inspection time for one bearing is the same as one inspection procedure. The average
cost for defects inspection by the proposed system is
64 ms. Plus with the cost of image acquisition (0.5 s) and
machine movement, the total time cost is less than 2 s.
So the proposed machine vision system can fully meet
the requirement of on-line production in manufacture.
Besides, we can see from the experimental results that
the accuracy of the proposed inspection algorithm is very

high, which is close to that of the human inspectors. In
addition, the accuracy of machine will not be infected by
mood or experiences. So the proposed machine vision
system has the ability to replace humans from the boring
inspection work, meanwhile, improve the quality of bearing products.
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Fig. 22. Comparison results.

5. Conclusions
This study develops a machine vision system for the
inspection of bearing surfaces. In the system, a novel
inspection algorithm is proposed for the inspection of
deformation defects on seals. Experimental results show
that the proposed system can detect different defects on
bearing covers with high efﬁciency and accuracy. In
conclusion, it is possible to apply the machine vision system to the automatic production line, replacing the human
workers.
However, there are still many other works need to be
done. First of all, some measures need to be taken to reduce the false alarms caused by oil or dirt. Besides, the
material inspection and assembling inspection procedures
also need automation inspection systems. Finally, the bearings might be made from other materials. All of these problems are worthy of further study.
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