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Abstract. Transparent materials are widely used in many consumer products today,
often in the form of flat sheets. The flatness and transparency of these workpieces com-
plicate the quality control process, as defects on either side of a workpiece are simultane-
ously visible, and determining the exact side on which the defect occurred is difficult. This
study proposes an optical inspection system that combines flaw detection and determina-
tion of the location of the flaw in the fabrication of flat transparent workpieces. We first
apply the time-frequency analysis based on the Hilbert-Huang transform to enhancing the
contrast between the flaws and the background. Second, statistical interval estimation is
used to segment the background and flaws to achieve flaw detection. Third, the detected
flaws on both sides of the substrates are combined and numbered for feature extraction.
Fourth, a random forest based on ensemble learning is applied to judging where the flaws
occur and whether they are on the front or back of the transparent substrates. The exper-
imental results achieved a flaw detection rate of 86.67% in all real defects, with a false
alarm rate of 2.32% in the detected defects. The correct location determination rate for
the flaw is 98.62% on the front and back sides of the touch panels.
Keywords: Transparent workpieces, Textured background, Optical inspection, Flaw
detection, Incident location determination, Time-frequency analysis, Ensemble learning

1. Introduction. Transparent materials have visual penetration properties that are use-
ful in many products, such as glass, transparent substrates, polarizing films, diffusers, and
optical fibers. When these transparent workpieces are photographed by imaging equip-
ment for quality control purposes, afterimages and noise often appear in the captured
images due to the material’s astigmatic properties and differences in background illumi-
nation. Moreover, since the workpieces are transparent, defects on both sides (front and
back) of the workpiece are simultaneously visible in the same image and the exact location
of the defect is difficult to determine. To ensure the quality of transparent products, it is
vital to develop a more specialized visual inspection system for transparent workpieces.

Touch panels commonly used in electronic devices today are composed of a multilayer
film and two or more transparent substrate glass. The surface of a touch panel is transpar-
ent glass with conductive wires inside to achieve the purpose of touch control. The panel
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has regular conductive electrodes and conductive wires as a background. According to the
design and functional considerations of different manufacturers, there are many textured
background patterns of transparent workpieces with various conductive electrodes and
conductive lines. The capacitive touch panel has the advantages of waterproofness, dust
proofness, oil resistance, fast response, etc., and is favored by the market. The panel has
a transparent glass surface and a regular texture of an inner transparent conductive film.
Common flaws that affect transparent workpieces include scratches, cracks, dirt intru-

sion, watermarks, etc. These flaws are mainly caused by improper cleaning or neglect
during handling. Surface flaws of transparent workpieces can be classified into two main
types based on their shape: linear flaws that are directional, for instance, scratches and
cracks; and area flaws that are irregular in shape and low contrast, including dust intru-
sion and watermarks. The existence of flaws not only affects the appearance and quality
of the product but may also seriously impact product functionality. Correctly identifying
the side on which the flaws occurred is therefore vital for quality control and can provide
insight into the causes of these defects.
Usually, two focused images are required to distinguish front and back flaws, with one

image taken from each side of the panel and analyzed. Figure 1 shows a testing sample
including a linear flaw and an area flaw. Two images of the sample are captured while (a)
the focus is on the front side and (b) the focus is on the back side, respectively. The red
ovals in the figures represent the flaws that occur on the front sides, and the blue squares
represent those on the back sides. As shown in Figure 1, the same flaws appear in the
images focused on the front and back sides, and the visual difference between the two is
insignificant.

Figure 1. Testing images containing a linear flaw and an area flaw ac-
quired with various focus settings

Surface flaw detection on flat transparent workpieces with textured backgrounds needs
to overcome the following challenges: First, due to astigmatism and light transmittance
of transparent materials, captured images of the workpiece are prone to noise and after-
images; Second, the variety of background textures on the transparent workpieces can
interfere with flaw detection; Third, for relatively thin workpieces, the difference between
the front and back images is small, so determining the location of flaws becomes more
challenging; Fourth, the same flaw will appear in both the front and back images, making
it difficult to determine the actual location of the flaw.
Because the touch panel is a high-precision, thin-thickness optoelectronic product, the

flaws are tiny flaws that may repeatedly appear on the front and back sides of panels,
which may easily cause misjudgment of identification. In the production process of the
product, the processing requirements and flaw handling standards of the front and back
are different. Distinguishing the location of flaws on the front and back can reduce mis-
judgment and improve the efficiency and benefit of process improvement. Therefore, we
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propose a vision system based on machine learning technology to perform flaw detection
and determination of incident location, that is, the flaw occurs on the front or back of the
transparent workpiece.

The rest of the article is composed as follows. First, we review the articles on current
techniques of visual inspection systems for transparent products. Second, we describe
the proposed image procedures to detect flaws and determine the side of occurrence of
the transparent workpieces. Third, we conduct tests and assess the performance of the
suggested models using traditional techniques. Finally, we conclude the contributions and
indicate further directions.

2. Literature Review. Transparency in materials allows light to travel through them
unaffected, thus making the materials see-through. Transparent substrates are widely used
as base materials for the manufacture of optical and electronic products, such as display
optical films, lighting optics, thin packaging films, display panels, touch panels, and elec-
tronic components. Xu et al. [1] developed a geometry and optical inspection system to
create fringe patterns in automotive glass for flaw detection. Lin et al. [2] proposed a Hough
transform-based voting scheme to inspect distortion flaws in curved windscreen glass of
vehicles. Currently, many works of literature discuss the detection and classification of
surface flaws in transparent workpieces [3]. This type of transparent material has a uni-
form or random texture in the background, and the flaws are more obvious. Few studies
discuss the detection of flaws in transparent workpieces with structural texture back-
grounds. Test samples with textured backgrounds are more difficult to inspect visually.

Repeating patterns are everywhere, especially in man-made objects. They provide struc-
tural and geometric or semantic clues about the elemental structures of which repeated
patterns are composed. The detection of repeated patterns can benefit many algorithms
in computer vision and graphics [4,5]. Conductive glass is transparent glass with repeated
patterns (structural lines). It has the function of conducting electricity through the con-
ductive film. It has been widely used in optical devices. Lin and Tsai [6] used the spectral
characteristics of the Fourier transform and matched them with cross-shaped filtering to
eliminate parts with higher energy values to attenuate the background texture. Hung
and Hsieh [7] used the characteristics of the periodic pattern of the sensing texture to
adaptively learn each background pattern and then compare it with the standard board
to extract flaws to achieve the effect of flaw detection. The problem of detecting flaws is
complicated by the difference in the type of flaw and the textured background of the touch
panel image [8]. Chiu and Lin [9] proposed a wavelet transform-based method to check
the flaws in the appearance of touch panels with a variation in the structural texture of
the background. Jian et al. [10] proposed a positioning based on image contours for the
glass of the mobile phone screen that can identify screen flaws. In reviewing the literature
above, they all detect and classify the surface flaws of touch panels [6,9,11-13], but few
studies discuss the issue of the transparent panel flaws that occur on the front side or the
back side of the panel.

When the front and back of the product are similar in appearance or are made of
transparent materials, there will be a problem that the front and back sides are difficult
to distinguish, resulting in many difficulties in identification, measurement, and detection.
Carlson and Le [14] proposed that wafers should be inspected on both front and back sides.
When there is a flaw on the back side, the front side at the same position will be compared
and correlated. Minami et al. [15] proposed that the source of transparent substrate flaws
is the attachment of contaminants to the patterned front side and fewer flaws occur on the
back side. Gevigney [16] proposed a method using Doppler laser velocimetry to inspect
the front and back sides of transparent wafers. Furthermore, different levels of processing
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and quality requirements will be applied to the front and back of the product during the
manufacturing process, so it is necessary to evaluate the front and back of the product to
ensure its quality of the product [17].
The glass substrate of the touch panel is transparent and contains a variety of structural

lines. The flaws generated in the process are even more diverse. Many scholars have dis-
cussed this aspect, mainly to remove certain lines or only to detect some specific flaws [6,9].
For the detection of some specific textures, the position of the sample must be fixed to
keep the same orientation of the texture in the image, and then remove the background.
This method has limited efficiency and benefit for workpieces with various texture back-
grounds. At present, few methods can deal with multiple types of textures and flaws at
the same time. The time-frequency analysis based on the Hilbert-Huang transform (HHT)
proposed in this study is different from the above research methods. It uses the decom-
position of a bidimensional empirical mode decomposition (BEMD) image to attenuate
the background and increase the contrast between the flaws and the background. The
method consists of empirical mode decomposition (EMD) and Hilbert transform (HT)
[18,19]. Guo et al. [20] applied the time-frequency energy matrix of a distribution net-
work to the sampled fault signal using the HHT method. The EMD is converted from
one-dimensional to BEMD, which is often used in flaw detection of agricultural fruits [21],
suppression of image noise [22], face recognition, and texture analysis. HHT has a good
effect in many different fields, such as image processing, fault detection, and industrial
inspection [21,23].
The decision tree is an attractive classifier due to its fast execution speed. However,

for problems with high complexity, the precision of data analysis is not high. Kwon et
al. [24] applied random forests to fast defect detection for various types of surface defects
in wood without changing model parameters. Therefore, a random forest is a combination
of tree predictors, each based on a random and independent distribution of all trees in
the forest using the same method [25]. Kamalalochana et al. [26] developed an optical
inspection system to inspect apple leaves and use random forests as classifiers to detect
diseases in apple leaves. Shipway et al. [27] aimed to perform a fluorescent penetrant
inspection to detect and classify surface flaws using a random forest model in the aerospace
industry. Dong et al. [28] developed a random forest-based automatic inspection system
for aerospace welds in X-ray images to locate the weld and examine it for defects. Jr.
Piedad et al. [29] used machine learning to classify bananas for classification and the
results show that the random forest has good classification results and accuracy in both
training and testing. The random forest method has many different application fields,
such as food grading, and insect and plant classification, and has a good effect [30,31].
The purpose of this research is to develop an automatic flaw detection and flaw location

determination system for transparent workpieces with textured backgrounds, using the
framework of machine vision. Therefore, this study first discusses the inspection items
of high-precision processing of transparent glass that are highly based on personnel ex-
perience and knowledge of the properties of the material. We propose a novel system
development for flaw detection and side determination of flaw locations. Through the de-
veloped optical inspection system, the production of transparent workpieces can achieve
a higher overall quality.

3. Proposed Method. This research aims to identify the flaws on the surfaces of the
transparent workpiece with regular background lines and to judge the incident location of
the flaw in the transparent workpiece. The proposed approach is divided into five steps.
First, to compare the imaging difference of the same flaw in two images, two testing
images are taken when the workpiece is individually captured with a focus on the front
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side and a focus on the back side. Second, by applying the HHT method to attenuating
the background texture and then enhancing the flaw contrast, we use the BEMD scheme
to achieve the effect of attenuating the background texture and the HT to achieve the
effect of flaw enhancement. Third, a statistical interval estimation method is applied to
the enhanced image for separating flaws from the background, and then we merge the
detected flaws into one image. Fourth, we perform the flaw numbering according to the
flaw position on the merged image, and then extract the feature vector of each numbered
flaw for further classification. Fifth, the random forest method is applied to judging the
flaw incident location of the transparent workpiece by classifying the numbered flaws into
front flaws, back flaws, and non-flaws.

The HHT is specifically designed to handle data from nonstationary and nonlinear pro-
cesses without any assumptions or assumed basis functions [18]. The main characteristics
of the HHT are its adaptive signal decomposition and filtering in the temporal/spatial
domains [19]. Therefore, the proposed HHT-based method can reduce the influence of
different texture angles caused by different workpiece placements, and the influence of
different background textures on this method is lower, and more types of flaws can be
detected.

3.1. Image capture. Testing samples with a thickness of 1.67 mm, a width of 132 mm,
and a length of 220 mm are randomly selected from the fabrication line of a touch panel
manufacturer. To distinguish whether the flaw is located on the front or the back side,
it is necessary to take two images with a focus on the front side and a focus on the back
side, respectively. By capturing a local area of a panel, the imaging differences between a
front focus and a back focus are displayed in the gray level variations and sharpness of the
flaw. The local detailed information will help judge whether the flaw occurs on the front
or the back side. Because the touch panel has texture, it needs to be illuminated with a
blue coaxial light source. The touch panel is placed on the inspection platform and the
high-magnification lens is used to take images of a local area so that texture and flaws can
be presented in the captured images. Figure 2 illustrates the setup of the image capture
devices and the arrangement of the image acquisition apparatus to capture a testing touch
panel. To acquire the digital imaging of a testing panel with proper intensity, the lighting
control of the environment is also important when acquiring images.

Figure 2. Schematic diagram of the setup of the experimental hardware
for image acquisition

3.2. Flaw enhancement and detection. Since the background conductive lines of the
transparent workpiece will interfere with the detection of surface flaws, it is necessary to
reduce the influence of the background texture and highlight the contrast of the flaws to
facilitate subsequent flaw detection. In the flaw enhancement stage, this study applies the
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HHT method to the captured front and back images, respectively. The HHT method is
applied to attenuating the background texture and then enhancing the contrast of flaws.
We use the BEMD scheme to decompose a testing image into a frequency image and
a residual image and then perform the HT conversion on the two decomposed images,
respectively, to achieve the effect of attenuating the background texture. After that, we
extract the real part of the normalized HHT image, which can further increase the contrast
between the flaw and the background to achieve the effect of flaw enhancement.
For image processing and analysis, BEMD is required to extract two-dimensional in-

trinsic mode function (IMF) frequency images. After the transparent workpiece image in
this study is decomposed by BEMD, it is decomposed from high frequency to low fre-
quency based on the image frequency, and a testing image g(m,n) is decomposed into
two images, which are an IMF frequency image IMF 1(m,n) and a residual image rj(m,n)
respectively, as follows,

g(m,n) =

j∑
i=1

IMF i(m,n) + rj(m,n), (1)

where IMF i(m,n) is the i frequency image generated after the BEMD decomposition.
In the frequency images decomposed by BEMD, the first frequency image contains most

of the local features in the original data, whereas the residual image contains fewer local
features. The method uses the calculation of local maxima and minima to decompose
the image through the average envelope of the cubic curve into a frequency image and
a residual image. The first frequency image represents the high frequency in the image.
The clearer the background texture of the transparent workpiece and the texture charac-
teristics of the flaws, the more detailed the edge of the image will be, and these details
will be preserved in this frequency image. The residual image is a low-frequency image,
and the outline of the image begins to appear blurred. Only the outline of the image can
be seen, but the details cannot be seen. Figure 3 shows the decomposition results of the
front and back flaw images.

Figure 3. Decomposition results of the front and back flaw images by
BEMD scheme
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Since the BEMD needs to generate the envelope through multiple iterative screening
processes, each image needs to be decomposed through a large number of operations. The
more images are decomposed, the more process iterations are used. The stopping criterion
set in standard deviation (SD) will affect the process iteration of an image. The more
process iterations, the longer the execution time, maybe resulting in a waste of execution
time. Therefore, the number of decomposed images (i) and the stopping criterion (T ) are
the most important parameters in the BEMD.

The Hilbert transform is performed on the decomposed image, which is convolved 1/π
through the impulse response, it conducts the extraction of the real instantaneous signal
of the image. In this study, HT conversion is performed on the IMF 1 frequency image and
the residual image rj respectively, we will obtain the complex frequency image of IMF 1

and rj. The complex frequency images HX i(s, t) and HX rj(s, t) of the IMF 1 and rj are
expressed as

HX i(s, t) = IMF i(m,n)× 1

π
= Ri(s, t) + Ii(s, t) (2)

HX rj(s, t) = rj(m,n)× 1

π
= Rj(s, t) + Ij(s, t) (3)

After HT transformation, the flaws in the IMF1 frequency image are highlighted and the
background of the frequency image becomes smoother. The two images are accumulated
to become an accumulated image after performing HHT. The background texture in
this cumulative HHT image is attenuated, but the contrast between the flaws and the
background is low. Since the grayscale value of the accumulated image is between [0, 1],
this study uses the normalization method to convert the grayscale value to [0, 255], so that
the difference between the light and dark contrast of the image is widened. By increasing
the contrast of the grayscale values through normalization, the image can be presented
more clearly.

After the BEMD decomposition and HT conversion process, the HHT conversion is
completed. In this study, the IMF frequency flaw images are selected after HHT conversion
for enhancement, and the background is diluted. This method of enhancing flaws does
not require fixed workpiece orientation and capture position, nor does it need to know
the characteristics of the background texture in advance to remove the background. This
method is beneficial to remove backgrounds with complex regular textures and is suitable
for various texture backgrounds, avoiding the disadvantage that the flaws that overlap
with the background will be removed together when the background is removed. When
the HHT method performs BEMD decomposition, it needs to iteratively perform the
interpolation calculation and the envelope process on the image, and it takes a long time
to complete the decomposition process.

After the test image undergoes HHT conversion, the image pixels become complex data
types, as shown in Equation (4). There are real and imaginary numbers in the values. The
real part has more information containing analytical signals with more texture features,
while the imaginary part has less information, so the imaginary numbers can be discarded
without losing the major information. Comparisons of the real parts and the imaginary
parts of the front and back normalized HHT images are shown in Figure 4. The extracted
imaginary image is rendered black and the information in the image cannot be preserved.
We further normalize the accumulated HHT image and extract the real number part with
information to increase the contrast between the flaw and the background, that is, extract
the real number part of the image in Equation (4) as Equation (5).

nor(s, t) = R(s, t) + I(s, t) (4)

real(m,n) = R(s, t) (5)
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Figure 4. The reconstructed and binarized images of the real parts of the
front and back normalized HHT images

When a testing image undergoes HHT conversion to achieve the effect of background
texture attenuation and flaw enhancement, the textured background and flaws have high
contrast at this time. The statistical interval estimation method is used to select the
appropriate threshold in image segmentation to separate flaws and backgrounds. If the
value is set to less than the threshold, the flaw is displayed in black, and if the value
is greater than the threshold, the background is displayed in white. After dividing by
the interval boundary, the effect of separating the flaw and the background is shown in
Figures 4(a3) and 4(b3), i.e., the flaw detection results of the front and back flaw images
by the HHT method.

3.3. Determination of flaw incident locations. In this stage, the merged images
obtained from flaw detection are used to judge the front and back of the flaw incident
position. In this study, the flaw detection results of the front and back flaw images are com-
bined with the OR logic operation to complete the image merging, and the corresponding
flaw features are extracted from the front and back images by locating the positions of
the flaws in the merged images. Since multiple flaws can occur per image, individual flaws
are counted at this stage. We number each flaw and then extract the feature values of
the flaw in the original and binarized front and back images (the difference in grayscale
means, the difference in grayscale standard deviations, flaw area, and flaw perimeter)
and use the random forest method for classification. The detected flaws are individually
divided into three categories: front-side flaws, back-side flaws, and non-flaws.
The intensity features and geometric features of the front and back images are extracted

for each flaw, respectively, and the corresponding feature values of the front and back of
the flaw are subtracted to obtain the difference between the flaws in the two images on
the front and back. The brightness of a flaw is the intensity that describes the flaw. The
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geometric properties of the flaw reflect the size and shape of the flaw. The front flaws
are marked with red circles and the back flaws are marked with blue squares in Figure 5.
Taking the front-side flaw as an example, if the front side is focused as shown in Figure
5(a1), the grayscale value of the flaw will be lower and the shape of the flaw will be
clearer. If the front-side flaw is in focus on the back side, as shown in Figure 5(b1), the
flaw will appear blurry and the intensity value of the flaw will be higher. Flaw shapes
with wrong focus after binarization are likely to have broken edges, resulting in flaws
that are not closed-form. The area and perimeter of such flaws will be larger. Through
these difference analyses, the difference in intensity averages, the difference in intensity
standard deviations, and the area and perimeter of the geometric features, the flaws are
classified and the positions of the flaws are judged on the front side or the back side.

Figure 5. Image difference between where the flaws are in focus and where
they occur in original and binarized images

The random forest model based on ensemble learning is used to judge the flaw incident
location, and each decision tree in the random forest is a different classifier and is used to
judge the position of the flaw. Different features can be selected to increase the diversity
of the classifier, and the classifier is implemented in parallel processing, so the execution
process is quite fast [23]. Decision trees are generated independently to maintain high
accuracy and noise immunity when data is imbalanced or missing [10,18]. Through the
classification results of the decision trees, the opinions of each tree can be collected to
vote on. The category with the highest vote is the incident location of the flaw. Figure 6
is an example of the determination of the flaw incident location using the random forest
method. During the flaw detection stage, some background textures and flaws will be
detected as potential flaws at the same time. These background textures are misjudged
flaws and such misjudged flaws will be classified as a non-flaw type. Therefore, this study
classifies each detected flaw into three categories: front-side flaw, back-side flaw, and non-
flaw. Figure 7 shows the processed results of three stages including image merging, flaw
numbering, and incident location determination in the classification of the detected flaws.

4. Experiments and Results. In system development, the Matlab R2013b version is
used to implement the proposed algorithms for flaw detection and determination of the
location of the flaw incident on the front and back sides of transparent workpieces. The
types of equipment used are a personal computer (Intel Core i5 processor, 4 GB*1 RAM,
Win7 operating system), a 5-megapixel CCD (Charge Coupled Device), an inspection
platform, and a blue coaxial light source. The captured images are resized to 256 × 256
pixels in a 1 : 1 ratio.

In this study, an image is taken as the basic unit of calculation and the detection results
are compared with the manually detected images. In terms of fault detection, the recall
rate, precision rate, F1 score, and accuracy rate are used as the performance evaluation
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Figure 6. An example of the tree structure of the flaw incident location
determined by the random forest method

Figure 7. The processed results of three stages of the incident location
determination in the classification of the detected flaws

indicators of the proposed models. When the above performance indices are higher, the
classification performance is better. The recall rate is the number of correctly identified
true defects (True Positives, TP) divided by the number of correctly identified true defects
(TP) plus the number of true defects incorrectly labeled as non-defects (False Negatives,
FN). It can be thought of as the fraction of true defects that are correctly identified in the
set of all true defects. The precision rate is the number of correctly identified true defects
(TP) divided by the number of correctly identified true defects (TP) plus the number of
non-defects incorrectly labeled as defects (False Positives, FP). It can be thought of as the
fraction of these detected defects that are true defects. The F1 score is the harmonic mean
of precision and recall, taking both metrics into account and giving both metrics equal
weight. The accuracy rate is the number of correctly identified true defects (TP) and the
number of correctly labeled true non-defects (TN) divided by the total number of testing
instances (TP + TN + FP + FN). It represents the rate of correctly identified defects and
non-defects over the total number of testing instances. If the dataset is imbalanced (both
defect and non-defect classes have significantly different numbers of testing instances),
the accuracy rate is not a good metric [32,33].
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In terms of determining the flaw incident locations, the accuracy rate is revised as the
performance evaluation index with the number of flaws as the basic unit. The detected
flaws are judged individually into three types, front-side flaw, back-side flaw, and non-
flaw, by the random forest method and they are checked whether each type is classified
correctly. The accuracy rate of the number of flaws classified in the correct type to the
total number of flaws.

4.1. Parameter selections of the flaw enhancement procedure. When a testing
image is decomposed by the BEMD scheme, the decomposition process calculates the
average envelope through the cubic curve and subtracts the average envelope from the
image to obtain a new IMF image. There are many iterations in the process so it takes
a lot of time to execute. There are two parameters in BEMD that can be adjusted to
improve the execution efficiency, namely the number (i) of IMF frequency images and the
threshold value (T ) of the stopping criterion SD value.

With the change in the number of decomposed images, each frequency image represents
different meanings. When i = 2 indicates the information of the testing image divided
into two images, the amount of information obtained by the two images is the same
and the execution time is short. When the number of decomposed images is larger, it
means that there are more iterations and more time is spent. When i = 5, the testing
image is decomposed into four frequency images and one residual image. The IMF1 image
represents a high-frequency image, which has more image information and obvious texture
features. The other IMF frequency images contain less and less information in sequence,
and the residual image is a low-frequency image with the remaining information after
decomposition. When the image is decomposed into more images, the number of iterations
will increase and the time will be longer. Therefore, in this study, i = 2 is chosen as the
BEMD image decomposition parameter.

The BEMD process ordinarily sets the criterion for stopping the sifting process by
calculating the standard deviation (SD). When the stopping criterion SD value is less
than the threshold value (T ), the first component of the BEMD procedure is generated,
which is the first IMF frequency image. A new image is obtained by subtracting the first
frequency image from the testing image, and then the new image is used for decomposition
to generate other IMF frequency images in sequence. The set of threshold T values will
affect the important parameters of the time duration in the iterative process. After setting
the T value to 1, the execution time decreased significantly, from 5.11 seconds to 2.6
seconds, but there is no difference in the detection results. Therefore, this study chooses
T = 1 as the threshold value of the stop standard SD value.

4.2. Parameter selections of the flaw detection procedure. After HHT conversion,
the flaws have been enhanced and the background has been attenuated. Then, threshold
segmentation is required to separate the background and flaws. This study uses interval
estimation to calculate the threshold for image binarization. The average value of the
grayscale minus s times the standard deviation is set as the standard threshold, and
image segmentation was performed to calculate the performance evaluation results. The
standard threshold to be set for image segmentation is very important for flaw detection,
and the threshold value will affect the result of image segmentation. If the threshold value
of the flaw segmentation is set too high, the flaw will have broken edges and the flaw area
becomes smaller. Although reducing the threshold value can improve the flaw detection
rate, it will also increase the misjudgment of more background textures as flaws, increasing
the false alarm rate of normal areas and hurting the subsequent location judgment of flaw
occurrence.
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After the segmentation threshold experiment with different s times of standard devia-
tion, the performance evaluation result is better if s equals 1.8. When s = 1.8, the flaw
detection rate is 85.11% in real defects and the false alarm rate is 2.9% in detected defects.
Precision-recall (PR) charts help visualize how the choice of threshold affects classifier per-
formance and can even help us choose the best threshold for a particular problem [34,35].
In Figure 8, it can be found that the precision of 1.8 is better and the background mis-
judgment is small; when s = 2.2, the threshold is set too high, although the background
is completely removed, and many flaws are also eliminated and the detection effect is not
good; when the threshold s = 1.6 is set too low, the flaws and background are detected
at the same time, resulting in the problem of high misjudgment. The appropriate setting
of the threshold value will affect the situation of flaw segmentation and the subsequent
determination of the flaw location, so the segmentation of the threshold value selects 1.8
as a parameter, which improves the flaw detection and reduces the misjudgment of the
threshold value.

Figure 8. A PR chart of different threshold values (s) in performance
evaluation of flaw segmentation

4.3. Parameter selections of the incident location determination procedure.
The random forest method can adjust the structure of the classifier through parameter
settings to improve the classification effect. This study will adjust the number and depth
of trees to evaluate the classification performance. If the number of trees is set too large,
the calculation and classification time will increase, and if the depth of trees is excessively
increased, the diversity of the tree will be reduced and the classification effect will also be
reduced. The size of the random forest architecture depends on the number of trees (U) to
determine how many decision trees are needed in the forest. The number of trees chosen
in the random forest method must be large enough to make the error small. The larger
the number of forests used and the larger the forest scale, the test error will gradually
converge with the increase of the scale, but at the same time, the amount of calculation
will also increase, which is prone to overfitting. Usually, 500 decision trees are enough to
solve general problems [36]. In this study, the number of trees is used as the parameter
for testing, and forests consisting of 150, 200, 250, 300, 350, 400, 450, and 500 decision
trees will be tested.
The depth of trees in the random forest method is composed of the different number of

features selected for each decision tree to increase the diversity of the forest. The greater
the number of selected features in a decision tree, the greater the depth of the decision
tree and the greater the effect of a single decision tree, but each decision tree in the forest
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is similar, resulting in a decrease in diversity and prediction accuracy. Conversely, it can
speed up the processing time and reduce the prediction error. The depth of trees is used
as the parameter for testing, and each decision tree can randomly select V features from
the 4 features.

According to the combinations of the number of trees and the depth of trees, the two
parameters are matched with different setting levels and a total of 32 classifier combina-
tions are tested. The accuracy rate and the execution time of testing are used as indices
to evaluate the classification results. The 50 training samples and 30 testing samples are
used to adjust the parameters to construct a random forest structure with a better param-
eter combination and conduct subsequent experiments with large samples. It is found that
the more features and decision trees are used, the better the experimental results might
not be obtained. When three combinations of (U = 300, V = 1), (U = 500, V = 2), and
(U = 500, V = 3) are used to establish the random forests, the diversity of the classifiers
can be improved, and the accuracy rate of 95.69% can be achieved. However, using 500
decision trees and more selected features requires a lot of training and testing time, so
this study chooses (U = 300, V = 1) as a suitable parameter setting for the random forest
method.

4.4. Result comparisons of flaw detection and incident location determination
by the existing methods and proposed approach. In large-sample experiments, 462
images are used for large sample experiments in the flaw detection part. In the front and
back side determination part of the flaw incident, 208 images are used for training, 150
normal images and 104 flaw images are used for testing, and experiments are carried out
with the selected parameter settings. In the flaw detection part, the flaw detection results
of the HHT method are summarized as follows, the detection rate of all real defects is
86.67%, the false alarm rate of the detected defects is 2.32%, and the accuracy rate of
total testing samples is 99.62%. In the flaw location determination part, after the flaw
features are extracted and classified by the random forest model, the accuracy rate is
98.62%.

It will be compared with other methods using performance evaluation indicators to
explore the benefits of the proposed approach. The flaw detection is compared with the
curvelet transformation (CT) and the flaw location determination is compared with the
back-propagation neural (BPN) network. The CT filtering method proposed by Lin et
al. [37] used the background removal approach and the multi-angle filtering method was
adopted to filter out the background texture and retain the flaws. The curvelet transform
is an extension of the wavelet transform and exhibits better directionality and reconstruc-
tion [38]. The CT method transfers the image to the frequency domain, decomposes the
image to high frequency, and performs filtering processing on the background texture to
achieve the effect of background deletion. The testing image is transferred to the frequen-
cy domain for 4th-order curvelet transformation, and multi-angle filtering is performed
on the characteristics of the background texture (±30◦, ±40◦, 90◦, 0◦), and the image
is inverted to the spatial domain to obtain a background-attenuated image. Then, the
filtered image is converted back to the space domain, and the rebuilt image can be easily
segmented into the flaw and the background. The process of the CT filtering method
achieves the effect of flaw detection as shown in Figure 9.

There are various types of structural textures inside the touch panels. The CT filtering
method will perform multi-angle filtering for specific textures. If the testing panel has
different background textures, the filtering angles need to be reset. After the filtering an-
gles of the background texture are fixed, it is also necessary to fix the orientation of the
workpiece, that is, a fixture is required to fix the orientation of the workpiece to accurately
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Figure 9. The CT filtering method applied to images for flaw detection

attenuate the background texture. In this study, the HHT is used to attenuate the back-
ground and enhance flaws, and it can be applied to touch panels with more different types
of background textures.
We compare the effects of the CT filtering method and the HHT-based method in flaw

detection. The flaw detection rates of all real defects are 85.78% and 86.67%, respectively,
and the false alarm rates of the detected defects are 3.75% and 2.32%, respectively, as
shown in Table 1. The CT method has a lower detection rate and a higher false alarm rate
than the HHT method in flaw detection. This will lead to more misjudgments of flaw lo-
cations in subsequent processes. In terms of accuracy rate and F1 score, the HHT method
is also superior to the CT method. The HHT method needs to perform the BEMD proce-
dure on the image, and the decomposition process needs to go through many iterations,
resulting in a longer execution time of the method, which takes 1.75 seconds. The curvelet
conversion has the advantage of fast execution efficiency and takes 0.82 seconds. However,
in flaw detection, a fixture is needed to fix the placement of the workpiece, and the CT
filtering method of removing the fixed-angle background is only suitable for workpieces
with a specific background texture. When processing the flaw detection of workpieces with
various background textures, it is necessary to frequently change the parameter settings
for the detection. This study proposes applying the HHT method to flaw detection in
transparent workpieces. The flaw detection effect is not much different from that of the
CT filtering method, but the orientation of the workpiece can be arbitrarily placed with-
out the aid of a fixture in the application, so it can be more widely used in transparent
workpieces with different background texture types. Therefore, this study proposes that
the HHT method has a good detection effect and a wide range of applications.
In this study, the random forest method is used to judge the front and back positions

of flaws, and the same data is used to compare the performance evaluation index with the
BPN network. The accuracy rates of the BPN model and the random forest model are

Table 1. Performance evaluation results of the curvelet transform method
and the proposed approach for flaw detection and incident location deter-
mination

Indicators CT filtering method [37] Proposed HHT-based method
Recall (%) 85.78 86.67

Precision (%) 96.25 97.68
Accuracy (%) 99.41 99.62
F1 score (%) 90.71 91.85

Processing time (sec.) 0.82 1.75
Side judgment BPN Random forest BPN Random forest
Accuracy (%) 83.09 95.39 83.62 98.62
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83.62% and 98.62%, respectively, as shown in Table 1. Therefore, when using the same
feature values with different classifiers, the accuracy rate of the random forest method
proposed in this study is better than that of the BPN network model. The classification
effect of the random forest method is more sensitive than the BPN network.

4.5. Flaw detection results from changing different ways of workpiece place-
ment by the existing method and proposed approach. In automatic inspection, if
the workpiece needs to be placed in a fixed position for inspection, it needs to be used to-
gether with a jig, which is another equipment expense. The CT method uses a multi-angle
filtering method to remove the background texture. It is necessary to fix the position of
the workpiece and align the angle and direction of the background texture to accurately
attenuate the background. The proposed HHT method uses the BEMD to decompose
the image and performs the HT to achieve the effect of flaw enhancement. The work-
piece position can be placed arbitrarily and flaws can be detected. When the workpiece
is placed in a fixed position with a jig, the angle and direction of the background texture
are fixed. Comparing the flaw detection results of the CT method and HHT method, the
PR chart shows the influence of CT and HHT on the change of workpiece position as
shown in Figure 10. In the case of fixed orientation, the CT method has a better detec-
tion effect than any placement method, as shown in Figure 11. When using CT to inspect
any placed workpiece, some background textures and flaws will be detected at the same
time, as shown in Figure 11. The experimental results show that the HHT method is less
restricted in position placement, the workpiece can be placed arbitrarily, and has little
impact on the detection effect. From Table 2, there is little difference in the detection
effect with or without the fixture, so the impact of HHT conversion on the placement of
the sample is small.

Figure 10. A PR chart of flaw detection on panel images with different
ways of workpiece placement

5. Concluding Remarks. This research incorporates optical flaw detection and side
determination of flaw location into the quality control of transparent workpieces. The
proposed hybrid approach, combining the Hilbert-Huang transformation and the random
forest method, automatically inspects flaws on the workpiece and determines whether
the flaws are on the front or back sides. The experimental results show that the method
achieves a flaw detection rate of 86.67% in all real defects and a false alarm rate of
2.32% in the detected defects. In the side determination of flaw location, the classification
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Figure 11. Partial results of flaw detection on panel images with different
ways of workpiece placement

Table 2. Performance evaluation results of flaw detection and classifica-
tion for different ways of workpiece placement

Methods
Ways of workpiece

Precision (%) Recall (%) Accuracy (%)
placement

CT method
Fixed orientation 97.82 87.31 99.55

No fixed orientation 96.31 84.21 99.26

HHT-based method
Fixed orientation 97.15 87.71 99.36

No fixed orientation 97.46 85.87 99.41

accuracy reached 98.62%. This HHT-based method can arbitrarily place the workpiece
without using a fixture to orient the test object, so it can be used to inspect transparent
workpieces with a variety of background textures. Therefore, this proposed approach not
only achieves a good detection rate but also has a wide range of applications. However,
there are still some issues that need refinement, and the proposed approach would benefit
greatly from further studies in the following three directions: 1) improvement in execution
efficiency of the HHT method; 2) determination of flaw locations when the front and back
flaws partially overlap; 3) integration of the proposed approach into production systems
in a real-time industrial environment.
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