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ABSTRACT In order to solve the problem that the crack defects generated on the surface of MEMS devices
are difficult to detect under high overload impact, this paper proposes a crack detection method based on
attribute weighted naive Bayes improved OTSU algorithm. Based on the analysis of the surface defects in
MEMS devices image, the edge information of the crack defect in the image is extracted by image processing
such as image detail sharpening, grayscale processing, image enhancement and edge extraction based on
Canny operator, and the pseudo crack in the image is removed by the least square method; the attribute
weighted naive Bayes algorithm is introduced to improve the traditional OTSU image processingmethod, the
crack defect detection results of the MEMS devices image are obtained, the crack defects are quantitatively
characterized, and the length and width of the crack defects are calculated. Comparative experiments were
conducted using multiple detection methods, the results showed that the crack detection method proposed
in this paper can obtain the crack defect information of MEMS devices efficiently and accurately.

INDEX TERMS MEMS devices, crack defect detection, image segmentation, quantitative characterization.

I. INTRODUCTION
Themodules ofMicro-Electro-Mechanical-Systems (MEMS)
mainly include micro-sensor, signal processing circuits and
micro-actuators, etc. [1], [2], [3], and the size of these mod-
ules is between a few microns and a few millimeters, with the
characteristics of miniaturization, high precision, high relia-
bility and low power consumption [4], [5]. NowadaysMEMS
devices are widely used in aerospace, medical, military and
other fields, and have important application value [6], [7],
[8]. MEMS devices play a crucial role in various application
scenarios; they must deal with a variety of complex envi-
ronments, so that their entire life cycle will be subjected to
temperature, humidity, vibration, shock, radiation and other
environmental stresses independent or coupled effects. In
the field of weapon testing, due to the phenomenon of high
overload during the launch of the projectile, under the action
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of high overload, it is easy to cause the phenomenon of high
temperature burning or extrusion of MEMS devices in the
missile-borne actuator, which makes the chip pin fall off or
the surface crack and other defects, which will cause the
missile-borne actuator to lose its own performance. There-
fore, in the missile-borne test experiment, a high overload
experiment is often required. The performance change of the
MEMS device is observed by applying a high acceleration
simulation experiment to the MEMS device. After the simu-
lation experiment, the MEMS device after high acceleration
impact is removed, and the defects on the chip surface are
detected by artificial or machine vision methods.

In traditional experiments, manual detection is used to
detect defects. However, manual detection has many vari-
able factors and cannot quantitatively describe defects, which
affects the accuracy and reliability of detection. Therefore,
manual detection has a significant subjective impact, poor
real-time performance, high labor intensity and high false
detection rate. With the development of computer image
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processing technology, the method of using machine vision
equipment such as metallographic microscopy, ultrasonic
scanning and X-ray scanning to obtain images and judge the
surface defect information in the images has been developed
[9]. The introduction of machine vision reduces the man-
ual operation of surface defect detection and improves the
automation level of the detection process. In recent years,
many scholars have conducted relevant research on defect
detection based on machine vision. Yuan et al. [10] proposed
a tire appearance defect detection method combining His-
togram of Oriented Gradient (HOG) and Local Binary Pattern
(LBP) features. Firstly, a tire image data set is constructed to
provide defective and normal tire images. Then, the HOG and
LBP features of the tire image are extracted respectively to
train the Support Vector Machine (SVM) classifier. Finally,
the SVM classifier combines HOG and LBP feature to calcu-
late the prediction scores of the test image. These scores can
be used to determine whether the test image is a defective tire
image or a normal tire image, so as to achieve the purpose
of tire appearance defect detection. Aiming at the problem of
surface defects of stamping blanks, Shang et al. [11] proposed
a method for detecting surface defects of stamping blanks
by combining Normalization Cross Correlation (NCC) tem-
plate matching accelerated based on Gaussian pyramid and
background subtraction. In order to segment defects from
complex rail surface images during high-speed motion, He
et al. [12] established a background model of rail surface
images based on the fact that the rail surface images have
basically unchanged pixel values along the rail direction,
and proposed a rail surface defect detection algorithm based
on background difference. To a certain extent, this method
solves the influence of adverse factors such as image illumi-
nation changes, uneven reflection, and few features during
the segmentation of rail surface defects. Guo et al. [13]
proposed a method for surface defect detection of ceramic
bowls based on machine vision. This method mainly realizes
the edge detection of surface defects by combining Kirsch
operator and Canny operator. It is difficult for traditional
image processing algorithms to effectively deal with the prob-
lems of uneven illumination or serious noise interference in
subway tunnel crack defect images. Liu et al. [14] studied
an improved crack detection algorithm based on structural
analysis based on pixel-level processing to improve the qual-
ity of tunnel images. In terms of using image processing
methods to detect electronic components, Jung et al. [15]
used the camera system to capture the defect data image of
the plate product. By analyzing and processing the images,
they proposed crack detection technology based on image
processing. The detection method mainly locates the defect
position of the electronic components and realizes the crack
defect detection. Lv et al. [16] proposed to use Canny-region
splitting and merging algorithm to detect surface defects such
as scratches and dirt on the surface of electronic components.
Although there are many good ideas and methods to detect
defects by using image processing technology, there is no
relevant reference on the detection of crack defects of the

surface of MEMS devices under high overload. Moreover,
due to the fact that the surface of the MEMS devices is
actually a metal surface, there is a reflection effect and the
defect characteristics are not obvious, it is difficult to locate
during detection, which is easy to cause false detection and
missed detection, and the detection is difficult. According
to the analysis of surface defects of MEMS devices, this
paper proposes a crack detection method based on attribute
weighted naive Bayes improved OTSU algorithm, and quan-
titatively characterizes the crack on the basis of extracting the
crack skeleton. These information can provide data basis for
detecting the failure of MEMS devices under high overload.

The main contributions and highlights of this paper are:
(1) According to the analysis of MEMS devices image

surface defects, the defect edge information in the image is
extracted by image detail sharpening, grayscale processing,
image enhancement and edge extraction based on Canny
operator, and the pseudo crack in the image is removed by
least square method.

(2) Based on the traditional OTSU image processing
method, the attribute weighted naive Bayes algorithm is intro-
duced to improve the OTSU algorithm, and the crack defect
detection results of MEMS devices images are obtained.

(3) The Zhang-Suen thinning algorithm is used to extract
the crack skeleton of the MEMS devices image, and the
calculation model of the length and width of the crack is
established.

The structure of the paper is arranged as follows: Section II
introduces the detailed process of image processing of
MEMS devices. Section III gives the crack defect detec-
tion method of MEMS devices image. Section IV describes
the quantitative characterization calculation method of crack
defects of MEMS devices image. Section V gives the exper-
iment and result analysis of crack defects of MEMS devices
image. Section VI gives a summary.

II. THE SURFACE DEFECT ANALYSIS AND IMAGE
PROCESSING OF MEMS DEVICES
A. ANALYSIS OF SURFACE DEFECTS OF MEMS DEVICES
MEMS devices usually work in a resonant state. During
the working process, the movable parts carry out cyclic
mechanical movements in specific forms, such as stretch-
ing, compression, bending, vibration, thermal expansion and
thermal contraction [17], the alternating stress will gradually
accumulate the fatigue damage of the material, resulting in
cracks, and even lead to structural fracture, make the MEMS
device unusable. Figure 1 (a) shows that a curved crack
is generated inside the MEMS device under high overload.
Cracks will propagate from the surface of the MEMS device
along the thickness direction, which makes theMEMS device
have serious reliability problems and affects its normal oper-
ation. Figure 1 (b) shows that there are cracks between the
two metals in the MEMS device. The cracks will form an
electrical path between the two strips of metal, resulting in
a short circuit during normal operation of the MEMS device.
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FIGURE 1. Surface crack defect image of MEMS device.

The crack defects caused by stress sensitivity are often related
to the production environment, processing technology and
micro-component materials of the MEMS device, and even
involve the design of molds or micro-component structures.
In Figure 1, there are some crack defects in the red frame.

B. MEMS DEVICES IMAGE PROCESSING
In order to eliminate the defect-independent information in
theMEMS devices image and improve the detection accuracy
of the surface defects in the MEMS devices image, the image
needs to be processed. The specific process is shown in
Figure 2.

1) IMAGE DETAIL SHARPENING
The MEMS devices images are inevitably blurred during the
collection process. In order to enhance the detail information
of the MEMS devices image and highlight the edge details of
the surface crack of MEMS devices, bilateral filtering is used
to sharpen the MEMS devices images. The spatial proximity
of the collected image and the pixel value are taken as the
weight conditions, which not only considers the Euclidean
distance of the pixel space domain, but also considers the
difference of the gray value in the pixel range domain [18],
so as to realize the filtering and denoising processing under
the condition of ensuring the edge information of the image.

Suppose that (i0, j0) is the coordinates of the central pixel,
(a, b) is the coordinates of one pixel in the neighborhood of
(i0, j0) and gp(i0, j0) is the gray prediction value of the central
pixel, then

gp(a, b) =

∑
a,b F(a, b)W (i0, j0, a, b)∑

a,bW (i0, j0, a, b)
(1)

where F (a, b) is the gray value of the neighborhood pixel;
the weighting coefficientW (i0, j0, a, b) is the comprehensive
result of the spatial domain kernel and the pixel range domain
kernel. The expressions of the spatial domain kernel and the
pixel range domain kernel are shown in formulas (2) and (3).

S(i0, j0, a, b) = exp
[
−
(i0 − a)2 + (j0 − b)2

2σ 2
r

]
(2)

I (i0, j0, a, b) = exp

[
−

∥F(i0, j0) − F(a, b)∥2

2σ 2
s

]
(3)

where σr and σs are spatial standard deviation and gray
standard deviation, respectively.

Bilateral filtering is a compromise processing method by
combining the spatial proximity of the image and the simi-
larity of the pixel values, and taking into account the spatial
information and gray similarity to achieve the purpose of edge
preservation and denoising. Figure 3 (a) is the detail sharp-
ening processing result of MEMS devices image (curved
cracks), and Figure 3 (b) is the detail sharpening processing
result of MEMS devices image (cracks penetrating between
two metals).

FIGURE 2. Image processing flow chart.

FIGURE 3. MEMS devices image detail sharpening effect.
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It can be seen from Figure 3 that bilateral filtering can
not only sharpen the surface crack details of MEMS devices
image and highlight the surface crack characteristics of com-
ponents, but also reduce the influence of surface stains and
other factors on the image.

2) IMAGE GRAY PROCESSING
The original images of MEMS devices collected in this paper
are all color images. The color images are synthesized by red,
green and blue colors, which are also called RGB images.
Because the color features of the crack of MEMS devices
image are not rich, the MEMS devices image is grayed, that
is, the RGB color image is converted into a grayscale image,
which not only retains the main features of the image, but also
reduces the computational cost of the computer.

If any pixel in the image is defined as (i, j), and the
gray value here is Gray(i, j), the values corresponding to the
three color channels are R(i, j),G(i, j),B(i, j), respectively.
The corresponding weights are κ1, κ2, κ3, respectively. These
weights satisfy κ1 + κ2 + κ3 = 1. The appropriate weighted
average of RGB three primary color components can obtain
the best gray image.

Gray(i, j) = κ1 · R(i, j) + κ2 · G(i, j) + κ3 · B(i, j) (4)

The MEMS device image after sharpening process is
implemented by the weighted average grayscale method [19],
and the converted grayscale image is shown in Figure 4.

FIGURE 4. Grayscale processing of MEMS devices Image.

3) IMAGE ENHANCEMENT
In order to improve the unobvious defect features in MEMS
devices image, it is necessary to improve the contrast of
MEMS devices images. Taking any point x(i, j) of the image
as the center, in the area with a window size of (2n + 1) ×

(2n+ 1), the local mean and variance can be expressed as:

hx(i, j) =
1

(2n+ 1)2

i+n∑
k=i−n

j+n∑
l=j−n

x(k, l) (5)

σ 2
x (i, j) =

1
(2n+ 1)2

i+n∑
k=i−n

j+n∑
l=j−n

[x(k, l) − hx(i, j)]2 (6)

where hx(i, j) is the mean value, which can be approximately
considered as the background part; x (k, l) is the pixel value
in the (2n+ 1)×(2n+ 1) region; σ 2

x (i, j) is the local variance
[20]. At this time, x(k, l)−hx(i, j) is the high-frequency detail
part, and the gain product of the high frequency is:

f (i, j) = hx(i, j) + G(i, j)[x(i, j) − hx(i, j)] (7)

where f (i, j) is the value after gain.
Based on Figures 4 (a) and 4(b), the effect of image

enhancement is shown in Figure 5.

FIGURE 5. Image enhancement processing result of MEMS devices.

Comparing figures 3,4 and 5, it can be seen that after
the image enhancement processing of the collected MEMS
devices images, the crack defect contour is clearer, which
effectively improves the contrast of the image and provides
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more useful information for the boundary extraction of the
next crack defect.

4) CRACK DEFECT BOUNDARY EXTRACTION
In order to realize the extraction of the image area of the
MEMS devices, the detected crack edge pixels and their sur-
rounding pixels are defined as sensitive areas and positioned
by detecting the crack edge or linear characteristics. Based on
Canny operator detection algorithm, the crack edge ofMEMS
devices image is roughly extracted. The specific steps are as
follows:

(1) In order to remove noise, Gaussian filtering is used to
smooth the MEMS devices images [21].
Firstly, the original color image of the MEMS devices is

grayed, and then the MEMS devices image is denoised by
convolution operation with Gaussian function.

h(x, y) = exp
(

−
x2 + y2

2σ 2

)
(8)

g(x, y) = h(x, y) ∗ f (x, y) (9)

where h(x, y) is the Gaussian function of the omitted coef-
ficient; f (x, y) is the grayscale image and g(x, y) is the
smoothed image.

(2) Calculate the amplitude and direction of the gradient.
The direction of calculating the gradient is to find the

position where the gray value changes the most in the image.
The calculated amplitude of the gradient is:

ϕ(x, y) =

√
ϕ2
1 (x, y) + ϕ2

2 (x, y) (10)

The direction of the gradient is:

θϕ = tan−1 ϕ2(x, y)
ϕ1(x, y)

(11)

where ϕ1 (x, y) = f (x, y) ∗ h1(x, y), ϕ2(x, y) = f (x, y) ∗

h2(x, y), h1 =

∣∣∣∣ −1 −1
1 1

∣∣∣∣, h2 =

∣∣∣∣ 1 −1
1 −1

∣∣∣∣.
(3) Non-maximum suppression of amplitude.
After the gradient is calculated, the crack edge cannot

be determined immediately. The point with the largest local
gradient needs to be retained and the local non-maximum
value needs to be set to zero.

(4) Double threshold detection edge.
The two thresholds of T1 and T2 are used to detect the edge,

where T1 < T2, the edge pixel with a gradient greater than T2
is a strong edge point. If it is between T2 and T1, this point
is a weak edge point. If the gradient value of the pixel is less
than T1, it is considered that this point is not an edge point
and suppresses this point. For weak edge points, it is not sure
whether they are edge points, so it is necessary to judge by
searching the eight connected regions of pixels, which can
get two threshold edge images.

Based on Figure 5, the results of Canny operator to extract
its edge features are shown in Figure 6.

FIGURE 6. The edge feature extraction results of MEMS devices image.

5) PSEUDO CRACK DEFECT REMOVAL
There is false crack information in the images of MEMS
devices taken by imaging equipment, which are horizontally
or vertically distributed with the longitudinal axis of the
device, and are similar to the gray scale of crack defects.
In order to prevent false cracks from being misjudged as
cracks in crack detection and improve the segmentation accu-
racy of image segmentation, false cracks are removed by
image processing methods. From the morphological proper-
ties of the crack and the pseudo-crack formed by the tangent,
the variance of the pixel distribution of the crack and the
pseudo-crack can be calculated by the least square method.
The variance of the pixel distribution of the pseudo-crack
formed by the tangent is linearly related to the tangent length,
and the distribution variance of the pseudo-crack is very
small. On the contrary, the real crack is random and uncertain,
and the variance of the distribution of different crack pixels
is not related to the length, and the variance of the crack
distribution is large. The steps of the pseudo crack removal
algorithm are as follows:

(1) Based on the MEMS devices image extracted from the
edge of the crack defect, theMEMSdevices image is scanned,
and the continuous curves in the image are numbered and
stored.
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(2) The unprocessed and stored curves in the image are
tested in turn. If they cannot be found, the algorithm ends.

(3) The least squares algorithm is used for the pixels on the
curve.

(4) The variance of the pixel distribution of the curve is
obtained by the least square algorithm. If the variance of the
distribution is less than the set value, the curve is a pseudo
crack, and the pixel points of the curve should be removed.
Otherwise, the pixel points of the curve are retained.

The pseudo-cracks are removed from Figure 6 after Canny
operator extracts the edge features of the defect image, and
the MEMS devices image after removing the pseudo-cracks
is obtained, as shown in Figure 7.

FIGURE 7. Pseudo crack removal effect of MEMS devices image.

Comparing Figures 6 and 7, it can be seen that the pseudo
cracks in the images of MEMS devices have been obviously
removed, which can effectively improve the accuracy of sub-
sequent crack detection.

III. CRACK DEFECT DETECTION OF MEMS DEVICES
IMAGE
When the gray difference between the cracks in the MEMS
devices image and the gray level of the device itself is not
large, the double peaks in the histogram of theMEMS devices
image are not obvious enough, and the effect of the OTSU

algorithm is not ideal. In order to improve the detection effect
of the algorithm, the attribute weighted naive Bayes algorithm
is introduced into the traditional OTSU image processing
method [22], [23].

Naive Bayesian classification algorithm is:

P(C|X ) =
P(X |C)P(C)

P(X )
(12)

where P(C|X ) is the posterior probability that condition X
belongs to category C ; P(X |C) is the posterior probability
that category C belongs to condition X ; P(C) is the prior
probability of class C and P(X ) is the prior probability of
condition X .
If there are a total of n attribute variablesA(A1,A2, · · · ,An)

in the data set, the feature vector X = (x1, x2, · · · , xn)
represents the specific value of the attribute variable, and
there are m category variables C , which have different values
C1,C2, · · · ,Cm, Test = ⟨x1, x2, · · · , xn⟩ as the test set,
Train = ⟨x1, x2, · · · , xn,Ci⟩ as the training set. Under the
premise of independent assumptions, there is:

P(x1, x2,L, xn|Ck ) =

n∏
i=1

p(xi|Ck ), 1 ≤ k ≤ m (13)

The posterior probability is:

P(Ck |x) =
P(Ck )
P(x)

n∏
i=1

p(xi|ck ), 1 ≤ k ≤ m (14)

If P(x) is a constant, the naive Bayesian model is:

C(x)N = arg
i
P(Ck )

n∏
i=1

p(xi|Ck ), 1 ≤ k ≤ m (15)

In order to improve and enhance the classification effect
of the traditional Naive Bayes algorithm, different weights
are given to each type of attribute according to the degree
of influence of each type of attribute on the classification.
This method not only has the high classification accuracy of
the traditional naive Bayes algorithm, but also reduces the
negative impact of the association between certain attributes
in practice. The formula of attribute weighted optimization
naive Bayesian model is:

C(x)Nω = arg
i
P(Ck )

n∏
i=1

p(xi|Ck )ω(i), 1 ≤ k ≤ m (16)

where ω(i) is the weight value of class attributeAi.
In MEMS devices image processing, the MEMS devices

image is converted into a grayscale image. The grayscale
image is a two-dimensional matrix, so the pixels in the
MEMS devices image are discrete data. The segmentation
of the OTSU algorithm can also be regarded as a grayscale
classification [24], [25]. Based on this feature, the attribute
weighted naive Bayesian algorithm is used to improve the
OTSU algorithm.

Assuming that the total number of pixels is N gray
imageGN ; the gray level is LN and the gray histogram is
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HN = {hN0, hN1, · · · , hNL−1}. Therefore, the gray probabil-
ity density of e is p(e) = n(e)/N , e = 0, 1, · · · L − 1, and
n(e) represents the number of pixels when the gray level is e,

then:
L−1∑
e=0

p(e) = 1. Let the initial threshold value T = 1, the

original crack gray image is divided into two parts: GN0 and
GN1, then the gray level probability of GN0 is:

p(GN0) =

T∑
e=0

p(e) (17)

The average probability of each gray level in GN0 is:

M (GN0) =

T∑
e=1

e · ωe0 · p(GN0|e) · p(e)

p(GN0)
(18)

whereωe0 is the weighting coefficient,ωe0 =
GR(e)
T∑
e=0

GR(e)
,GR(e)

is the gain rate of the gray level e.
The average probability of each gray level inGN0 becomes:

M (GN0) =

T∑
e=1

e · ωe · p(GN0|e)

p(GN0)
(19)

Similarly, the average probability of each gray level inGN1
is:

M (GN1) =

L−1∑
e=T+1

e · ωe1 · p(GN1|e)

p(GN1)
(20)

where ωe1 is the weight coefficient of each gray level in
GN1, ωe1 =

GR(e)
L−1∑

e=T+1
GR(e)

.

Therefore, the mean value of the original grayscale image
is:

MG =

L−1∑
e=0

e · p(e) (21)

Because the image is divided into two categories to cal-
culate the maximum variance between the two parts, the
variance of the GN0 part is:

δ2N0 = p(GN0) · (M (GN0) −MG)2

+ p(GN1) · (M (GN1) −MNG)2 (22)

The overall variance of the original grayscale image is:

δ2G =

L−1∑
e=0

(e−MG)2 · p(e) (23)

The crack detection results are shown in Figure 8.

FIGURE 8. Crack detection result of MEMS devices image.

IV. QUANTITATIVE CHARACTERIZATION OF CRACK
DEFECTS of MEMS DEVICES IMAGE
The crack defects are segmented by MEMS devices image
processing. In order to improve the accuracy of crack mea-
surement, the crack is quantitatively characterized on the
basis of the segmented crack image, and the length and width
of the crack are calculated. It is necessary to extract the crack
skeleton first, and the Zhang-Suen refinement algorithm is
used to extract the crack skeleton of the MEMS devices
image [26].

A. CRACK DEFECT LENGTH
The steps of crack length calculation are as follows:

(1) The crack skeleton diagram is divided into n regions,
and the distance between each point in each region is
calculated.

(2) Take the longest distance as the crack length in the
region:

lk = max
{√

(xj − xk )2 + (yj − yk )2
}

(24)

where j = 1, 2, · · · , n, k = 1, 2, · · · , n, and j ̸= k .

VOLUME 11, 2023 126329



Y. Zheng et al.: Crack Defect Detection Processing Algorithm and Method of MEMS Devices

(3) Add the crack lengths of n rectangular regions, and the
total length of the crack is:

l =

n∑
k=1

lk (25)

B. CRACK DEFECT WIDTH
The flow chart of crack width calculation is shown in
Figure 9.

FIGURE 9. Flow chart of crack width calculation.

FIGURE 10. The collected original image. (a) Original image 1; (b) Original
image 2; (c) Original image 3; (d) Original image 4.

Select a point of the crack on the MEMS devices image,
and select a rectangular neighborhood region of the point,

FIGURE 11. The original image after processing. (a) Original image 1 after
processing; (b) Original image 2 after processing; (c) Original image 3
after processing; (d) Original image 4 after processing.

then calculate the width of the crack in each rectangular
neighborhood. Let D be the radius of the neighborhood and
A be the linear neighborhood, then:

A = (Ig(x0, y0), Ig(x1, y1), · · · , Ig(x2D, y2D)) (26)

where Ig(xD, yD) is the crack point and (xi, yi) is the neigh-
borhood point coordinate.

The mean and standard deviation of the MEMS devices
image in the neighborhood are defined as:

µ =

b∑
r=a

RmP(Rm)

σ =

√√√√ b∑
m=a

(Rm − µ)2P(Rm)

(27)

The variable Po1 is set to represent the boundary of one
side of the crack, which is:

Po1 = Ig(xD−o1, yD−o1),
Po1 ≤ µ − σ, Po1+1 > µ − σ,

o1 = 0, 1, · · · ,D.

(28)

Similarly, the scalar Po2 is defined to calculate the other
side boundary, which is:

Po2 = Ig(xD−o2, yD−o2),
Po2 ≤ µ − σ, Po2+1 > µ − σ,

o2 = 0, 1, · · · ,D.

(29)

The width of the crack is calculated as:

width = o1 + o2 (30)

Based on the two images of MEMS devices provided
in Figure 1, the quantitative characterization of cracks is
obtained by image processing, as shown in Table 1. The
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TABLE 1. Quantitative characterization of cracks.

FIGURE 12. Crack detection result of MEMS devices Images.

test results are as follows: the maximum deviation between
the proposed method and the actual crack length is 6µm,
and the maximum deviation from the actual crack width
is 5µm.

V. EXPERIMENTS AND RESULT ANALYSIS
Based on the collected many MEMS devices images with
different crack defects, the MEMS devices defect detection
method based on image processing proposed in this paper is

used for image processing. In order to verify the detection
accuracy of this method, a comparative test of detection accu-
racy is carried out. The original images of different MEMS
devices are shown in Figure 10. In Figure 10, there are some
crack defects in the red frame. The image obtained by the
image processing method proposed in this paper is shown
in Figure 11. The crack detection results of the proposed
method and other methods in [14], [15], and [27] are shown
in Figure 12.
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TABLE 2. Crack length test results.

TABLE 3. Crack width test results.

In Figure 12, (a1) - (a4) are the crack detection results of
the original image 1 using the method proposed in this paper,
the References [14], [15], and [27]; (b1) - (b4) are the crack
detection results of the original image 2 using the method
proposed in this paper, the References [14], [15], and [27];
(c1) - (c4) are the crack detection results of the original image
3 using the method proposed in this paper, the References
[14], [15], and [27]; (d1) - (d4) are the crack detection results
of the original image 4 using the method proposed in this
paper, the References [14], [15], and [27]. In order to reflect
the effect of the proposed method for extracting cracks, the
cracks in Figures 12(a1), (b1), (c1) and (d1) were marked,
the red part marked the cracks of the MEMS devices, so that
the morphology of the cracks, such as length, width and
properties, could be seen more directly and clearly.

The collected MEMS devices images are processed,
and the OTSU algorithm improved by the naive Bayesian
algorithm based on attribute weighting is used to segment the
crack information and background information. On the basis
of crack skeleton extraction, the length and width of the crack
are measured, and the length and width of the crack in the
MEMS devices images processed by the methods of Refer-
ences [14], [15], and [27] are measured. The measurement
results are shown in Tables 2 and 3.
In Tables 2 and 3, the units of the result are µm. Through

Tables 2 and 3, the error between the crack detection results
of the method proposed in this paper and the methods of
References [14], [15], and [27] and the manual measurement
results is obtained. Figure 13 is the crack length error result,
and Figure 14 is the crack width error result.

In Figures 13 and 14, el1 and ew1are the absolute error
of crack length and crack width obtained by the proposed
method and manual measurement method, respectively; el2
and ew2 are the absolute error of crack length and crack

FIGURE 13. Calculation error of crack length.

width obtained bymethod of Reference [14] andmanualmea-
surement method, respectively;el3 and ew3 are the absolute
error of crack length and crack width obtained by method
of Reference [15] and manual measurement method, respec-
tively; el4 and ew4 are the absolute error of crack length
and crack width obtained by method of Reference [27] and
manualmeasurementmethod, respectively; n is the number of
MEMS devices image. It can be seen from figures 13 and 14
that the maximum absolute errors between the length and
width of the crack detected by the proposed method and the
manualmeasurementmethod are the smallest, which are 8µm
and 4µm respectively. The deviation between the detection
results of the method proposed in Reference [14] and the
manual measurement method is the largest, which is related
to its inability to effectively deal with the characteristics of
false defects. The deviation between the detection results

126332 VOLUME 11, 2023



Y. Zheng et al.: Crack Defect Detection Processing Algorithm and Method of MEMS Devices

FIGURE 14. Calculation error of crack width.

of the method proposed in Reference [27] and the manual
measurement method is close to the deviation between the
detection results and the manual measurement method in
this paper, which is slightly larger. This is related to the
effective training of YOLOv4 network, which can improve
the detection accuracy.

In order to verify the superiority of the crack detection
method proposed in this paper, the running time of the image
processing of the MEMS devices taken by 1000 frames is
tested. The methods of this paper, References [14], [15], and
[27] are used respectively. The comparison results are shown
in Table 4.

TABLE 4. Crack detection comparison results.

It can be seen from Table 4 that reference [14] has a great
advantage in training time, but the effect of defect detection is
not ideal, and the accuracy rate is only 47.8 %. This is mainly
through the combination of Kirsch operator and Canny oper-
ator to realize the edge detection of surface defects. It is
difficult to effectively deal with the problems of uneven
illumination or serious noise interference in crack defect
images. Compared with the method in Reference [14], the
detection method in Reference [15] can effectively improve
the accuracy of detection, but its detection time is also greatly
increased. The surface defect detection method of electronic
components based on improved YOLOv4 is proposed in
Reference [27]. Although the accuracy of detecting cracks on
MEMS devices is improved compared with References [14]
and [15], its detection time is longer, which is not conducive
to practical engineering applications. The method proposed
in this paper not only has an accuracy of 94.6 %, but also has

a relatively short detection time, which is more conducive to
the accurate detection of cracks of MEMS devices image in
practical engineering experiments.

VI. CONCLUSION
In order to extract the crack information in the MEMS
devices image efficiently and accurately, the MEMS devices
image is blurred and contains a lot of irrelevant informa-
tion. The edge of the defect in the MEMS devices image is
extracted by image detail sharpening, grayscale processing,
image enhancement and edge processing based on Canny
operator, and the pseudo crack information similar to the
crack defect is removed by the least square method. The
crack detection method based on attribute weighted naive
Bayes improvedOTSU algorithm is studied. The Zhang-Suen
refinement algorithm is used to extract the crack skeleton,
and the calculation method of crack length and width is
established.

Through experimental verification, themethod proposed in
this paper can accurately detect the cracks of MEMS devices
image. The research results provide a detection method for
the reliable and stable operation of MEMS devices under
high impact. MEMS is a microsystem based on the mov-
able micromechanical chip produced by the combination of
microelectronics chip manufacturing technology and preci-
sion machinery. It is a new chip technology with distinctive
interdisciplinary characteristics, which brings transformative
development for the miniaturization, integration and intelli-
gence of mechanical and electrical products. Among, MEMS
devices have the advantages of high integration, strong func-
tion, light weight, low power consumption, low thermal
constant, vibration resistance, shock resistance and radiation
resistance; it plays an important role in miniaturization, low
cost and performance improvement of the system.

In the fields of consumer electronics and automotive elec-
tronics, mass manufacturing technology is vigorously devel-
oped through high-volume MEMS devices, while high-end
MEMS devices in aerospace and other fields need to develop
their customized manufacturing technology in order to obtain
MEMS devices that meet special needs. The development
trend of MEMS devices in aerospace systems is to replace
large and bulky devices on space carriers, communication
and navigation platforms and payloads, and finally realize
the miniaturization, intelligence and integration of aerospace
systems. In the application of MEMS devices in aerospace
systems, the radiation, vacuum, thermal shock, vibration and
packaging in the space specific working environment directly
affect its reliability, so it is necessary to further promote more
in-depth research on MEMS devices, especially in the aspect
of high reliability. It can be seen that the research work in this
paper has certain application value.
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