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Abstract— Scratches as the major defects in precision opti-
cal components are caused inevitably in the manufacturing
process, which is harmful to the whole optical system. Most
scratches on the surface of optical components are weak
scratches with low contrast and uneven distribution of gray
scale, which poses a significant problem for inspection. In this
article, an end-to-end weak scratch inspection method based
on novel scratch-enhancement methods and convolutional neural
network (CNN) is proposed for optical components. To enhance
weak scratches, a local maximum index (LMI) module and
a direction-sensitive convolution (DSC) module are proposed
to generate multilevel-feature maps using prior knowledge
about scratch. Different from previous works utilizing the raw
dark-field image as network input, these multilevel features are
used as the inputs of encoder–decoder module for training.
After training, the whole inspection model can infer weak
scratches from raw dark-field test images in an end-to-end
manner. Experimental results show that the proposed model
achieves pixel accuracy of 92.48% and IoU at 77.27% on the
test data set. It outperforms the networks without adding prior
knowledge, which shows that prior knowledge is much helpful for
weak scratch inspection. Moreover, compared with other classical
methods and CNN-based methods, the proposed method achieves
the best performance in the weak scratch inspection.

Index Terms— Convolutional neural network (CNN), direction-
sensitive convolution (DSC), local maximum index (LMI), optical
component, weak scratch inspection.

I. INTRODUCTION

PRECISION optical components are the most crucial com-
ponents in the optical system due to their role in optical

transmission as well as energy conversion. Scratches as the
major defects on the optical surface can cause severe damage
in the optical system. Thus, scratch inspection is an important
task in the optical manufacturing industry. Machine vision
methods are widely used to detect scratches on surfaces of
various materials, such as metal surfaces [1], solar panel
surfaces [2], and railway surfaces [3]. However, compared with
the abovementioned materials, optical components are highly

Manuscript received November 2, 2019; revised April 13, 2020; accepted
July 5, 2020. Date of publication July 22, 2020; date of current version
November 25, 2020. This work was supported in part by the National Natural
Science Foundation of China under Grant 61703399. The Associate Editor
coordinating the review process was Sabrina Grassini. (Corresponding author:
Xian Tao.)

The authors are with the School of Artificial Intelligence, University of Chi-
nese Academy of Sciences, Beijing 100049, China, and also with the Research
Center of Precision Sensing and Control, Institute of Automation, Chinese
Academy of Sciences, Beijing 100190, China (e-mail: houwei2018@ia.ac.cn;
taoxian2013@ia.ac.cn; de.xu@ia.ac.cn).

Digital Object Identifier 10.1109/TIM.2020.3011299

Fig. 1. Dark-field image of an optical component with weak scratch.
(a) Original image. (b) Image after contrast and brightness adjustment.
(c) Enlarged scratch area from (b).

reflective and high-transmittance material. Such properties
make it challenging for visual inspection instruments to image
defects adequately.

Dark-field imaging is a common method used in defect
detection on a smooth glass surface. In the recent decade,
many studies on the defect detection of precision optical sur-
faces are based on the dark-field imaging system, such as the
works by Li et al. [4], Tao et al. [5], and Park and Kweon [6].
The area corresponding to a defect or dust on the optical sur-
face is imaged as bright white pixels on the dark-field image.
In contrast, dark gray pixels correspond to defect-free or clean
areas of the surface. Since weak scratches on the optical
components are often submicrometer depth, their brightness
is very close to the background on the image, as shown
in Fig. 1. Fig. 1(a) shows the original defective image acquired
from the dark-field imaging system, and the scratch marked
with the ellipse is difficultly seen by human eyes. Fig. 1(b)
shows the image after contrast and brightness adjustment,
and Fig. 1(c) shows the enlarged scratch area based on the
image shown in Fig. 1(b). The intensity difference between the
scratch and background is very low, making scratch difficult
to be detected. Smyl and Liu [7] proposed a novel metric of
damage visibility and data distinguishability. In this metric,
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the lower bound value for weak scratch inspection is 11 in
the condition that the gray value of image noise is no larger
than 10.

Many existing defect defection methods can shed light
on scratch inspection of optical components. Jian et al. [8]
proposed a contour-based registration method to alleviate
misalignment between template and detection target, and
then, an improved fuzzy c-means cluster algorithm is used
to extract defect regions on mobile phone screen glass.
In [9], a template-matching method is built on a robust
geometric alignment between template and test images
based on an approximate maximum clique approach, and
then, an illumination invariant image comparison method is
used for defect detection in the aligned images. However,
the template-matching methods fail when the template is
not available. Extracting features from image and classifi-
cation is another way to detect defects. Huang et al. [10]
extracted features using a cross-shaped filter from the image
in the frequency domain and then used traditional edge
detection and morphological operators to detect scratches on
the fluid-conveying tube. In [11], an improved local binary
pattern (LBP) descriptor is proposed for defect feature extrac-
tion. A dictionary is built via clustering the descriptor using
k-means. Then, the support vector machine (SVM) method is
used to classify the defects. In our previous work [12], a hand-
crafted scratch detector based on the Gabor filter is proposed
for weak scratch inspection. However, these algorithms with
low-level features can only solve specific problems, and they
are less adaptive to weak scratches with different sizes.

Recently, surface defect inspection in mounting numbers
is carried out by deep learning methods based on the con-
volutional neural network (CNN). Chang et al. [13] built
a car-body surface defect inspection instrument and cre-
ated a TinyDefectNet integrating the two same YOLOv3
defection networks. This method is on par with the aver-
age performance of experienced inspectors but much faster.
He et al. [1] proposed a multilevel-feature fusion network and
a region proposal network to detect steel surface defects.
On the data set they built, the method achieves the high-
est detection accuracy. In [14], a classification neural net-
work is used to defect detection. Multiscale image patches
are used to fine-tune the network. Luo et al. [15] detected
big size scratches through the binarized threshold method
and built an eight-layer CNN for small scratches detection.
Song et al. [16] used a UNet to detect weak scratches on
metal component surfaces, and precise results are obtained via
the skeleton extraction. Chen et al. [17] built a multispectral
CNN model for solar panel defect classification. Although
the detection results of deep learning methods are superb,
they cannot be directly applied to weak scratch inspection.
The abovementioned CNN-based detection methods only give
bounding boxes to indicate defect regions. The CNN-based
classification methods classify the defects via sliding windows.
Moreover, some defect inspection networks based on semantic
segmentation have complex structures and parameters that
need a large data set for training [16].

Even an inexperienced inspector can easily find scratches in
images when he/she is shown one sample image or only told

to find scratches. He/she has prior knowledge about scratch,
which is line-shaped and has a different gray value from
surrounding pixels. Although weak scratches are with low
contrast in the dark-field image, it can be recognized by human
eyes through this prior knowledge. Hence, integrating the
prior knowledge of scratches to the defect detection system is
promising. In this article, an end-to-end model combining prior
knowledge with CNN is designed for the weak scratch inspec-
tion of optical components. First, prior knowledge of scratch is
analyzed and transformed into computable operations. Since
the computable operations have their own fixed parameters
and calculation steps, they cannot be differentiable and directly
mixed with the network. In order to train the end-to-end model
using the backpropagation algorithm, the prior knowledge
about scratch is designed as two scratch-enhancement modules
that are at the bottom of the model. The model’s top module is
an encoder–decoder CNN. Thus, the whole model is differen-
tiable and can be trained using the backpropagation algorithm.
In addition, the prior knowledge about scratches makes the
model be trained on the small data set while achieving high
scratch inspection accuracy. The main contributions are given
as follows.

1) The weak scratch prior knowledge is used for enhan-
cing scratch, which is transformed into computable
operations. The local maximum index (LMI) is focused
on enhancing the pixel within a scratch. The direction-
sensitive convolution (DSC) focuses on the continuity of
scratch and merges the multiple segments split by LMI.

2) An end-to-end weak scratch model is built by embedding
prior knowledge into an encoder–decoder CNN. The
fixed prior knowledge is at the bottom and top layers
can be trained using the backpropagation algorithm.
The model achieves high inspection accuracy in weak
scratches on optical components and outperforms other
classical and CNN-based methods in the weak scratch
inspection. To the best of our knowledge, this work is the
first one combining the prior knowledge with a trainable
CNN for scratch inspection.

The remainder of this article is organized as follows.
Section II discusses the characters about weak scratches, and
these characters are transformed into computable operations.
In Section III, an end-to-end scratch inspection model is
proposed, and each part is described in detail. In Section IV,
qualitative and quantitative experiments are conducted, and the
proposed method is compared with other methods. Finally,
the conclusion is given in Section V.

II. PRIOR KNOWLEDGE ABOUT SCRATCH

Researchers have proposed many digital image processing
methods based on prior knowledge about tasks in the past
few decades [18], including filter-based methods (mean fil-
tering, median filtering, and Gauss filtering) and edge detec-
tion operations (Roberts, Sobel, Prewitt, and Canny). These
handcrafted feature extraction methods that are concluded
from a few images reveal some essential characteristics of
image processing, but their function is limited in practical
application. In recent years, the appearance of large data sets
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makes it unrealistic to design image processing methods in
the traditional mode. Through automatic feature extraction,
CNN has achieved state of the art in classification [19],
segmentation [20], and detection [21]. Although CNN per-
forms well through designing very deep networks and training
with large size data sets, it is incapable to acquire large
data sets for training a complex CNN model for the weak
scratch detection task. Only a few weak scratches can be
sampled on optical components. Both handcrafted feature
methods and CNN-based methods have their own merits:
handcrafted feature methods work well with only a small data
set; CNN-based methods have the power to extract features
automatically. Therefore, instead of focusing on the complex
structure of networks and large data sets, it is more useful
to combine handcrafted features with CNN to introduce prior
knowledge about scratch into the inspection model.

A. Characters of Weak Scratch

In dark-field imaging, weak scratches on optical components
have their unique characters. It is useful to utilize these char-
acters as prior knowledge. The characters of weak scratches
are concluded as follows.

1) Brightness: The brightness of scratch is higher than that
of the background. The ideal surface of the optical component
is smooth; little light can be reflected in the camera in the
dark field. Nevertheless, a scratch on the surface of the optical
component can cause the scattering effect. It has a higher pixel
value than the background on the image. The brightness of
scratch is directly proportional to its depth under the same
illumination if its depth is at the micrometer level. The
deeper the weak scratch is, the brighter it is. However, the
weak scratch is hard to be separated from the background
because of the low contrast and uneven distribution of gray
scale.

2) Width: Scratch is not a one-pixel width line, and its width
does not change sharply in a wide range, such as a crack
in [22]. The scratch is mainly caused by a surface polishing,
so its width is approximately constant. The scratch cannot be
treated as an edge since its width is more than one pixel. The
traditional edge detection methods tend to extract the contour
of scratch, other than scratch itself.

3) Structure: Scratch has apparent low-level features. Its
shape is a long and thin line or arc. A local structure around
a pixel can decide the pixel belonging to scratch or not. It is
meaningful to enhance the intensity of the pixels that belonged
to scratch by using adjacent pixels.

Recently, CNN uses convolution with nonlinear activation
function to produce nonlinear features. Although stacking a
couple of convolution layers is a way to expand the perception
field and extract complex features, it makes the CNN hard for
training and needing more training data. Recent research on
CNN [23] shows that the higher layer contains the semantic
features, while the lower layer contains low-level features,
such as edge, texture, and blob. From this point of view,
extracting weak scratches, the inspection model should focus
on the low-level feature other than the high-level feature.

B. Making Prior Knowledge Calculable

It is useful to add the abovementioned three properties of
scratch to the scratch detection model as prior knowledge. The
main obstacle is how to make these properties computable.
It is useless if the prior knowledge cannot be converted to
computational operations.

Inspired from classical digital image processing methods,
these properties can be converted to computable operations.
According to character 1, other keypoint detection methods,
such as SIFT [24], SURF [25], ORB [26], often select the
local extreme value pixel, and the pixel on scratch should also
be the “maximum” value pixel around its local region. The
“maximum” means that the pixel on scratch should have a
larger value than that of the background. Nevertheless, near
its region, there are other pixels that belong to scratch with
a similar pixel value. Therefore, it is not possible to directly
use the Difference of Gaussian (DoG) [27] or Features from
Accelerated Segment Test (FAST) [28] to extract scratch. The
FAST method decides a pixel as the keypoint by comparing the
pixel with its specific neighbors. However, the FAST method is
a hard binarization operation, which lacks flexibility and loses
critical information in the image. Inspiring from the FAST,
a scratch-enhancement method called the LMI is proposed.
The details of the LMI will be discussed in the following.

According to characters 2 and 3, the scratch can be con-
sidered as a low-level feature. It is possible to directly design
convolution kernels that are sensitive to different scratch direc-
tions. Since weak scratches are in any direction, the DSC is
designed to compute with these carefully designed convolution
kernels.

These two scratch-enhancement methods (LMI and DSC)
are computable, which can be embedded into the complete
CNN network model.

III. SCRATCH INSPECTION MODEL

In this section, the scratch inspection model that contains
prior knowledge is proposed. First, the whole structure is
described. Then, three submodules are discussed in detail.

A. Structure of Scratch Inspection Model

The scratch inspection model is a complete end-to-end
model. The main structure of the model is shown in Fig. 2. The
captured dark-field raw image is inputted from left, and the
scratch inspection result is outputted from the right. In addition
to the input and output module, there are three functional
modules (LMI module, DSC module, and encoder–decoder
module) in the model. The main procedures of scratch inspec-
tion are as follows. The raw dark-field gray-scale image is sent
to the LMI module. The LMI module enhances the brightness
of pixels that belong to scratch and outputs the enhanced
result as one-channel LMI tensor. When this one-channel
tensor flows through the DSC module, the 36-channel tensor
is produced in this stage. The DSC module is mainly used for
connecting the scratch segments and suppressing the back-
ground noise. The encoder–decoder module is a CNN that
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Fig. 2. Structure of end-to-end scratch inspection model.

Fig. 3. Illustration about calculating FLMI at position (i, j). FLMI of center pixel is decided by its N × N (N = 5) neighbors in the dark-field image, compare
the center pixel value with its neighbors, and then count the number of neighbors, which is smaller than center pixel value.

is composed of 68 trainable layers. The multilevel features
are obtained via concatenating the one-channel tensor and the
36-channel tensor that come from LMI and DSC modules.
This 37-channel tensor is sent to the encoder–decoder network
module. The scratch inspection result is outputted from the
encoder–decoder module. The LMI and DSC modules have
fixed hyperparameters, while the encoder–decoder module
is trainable. After training, the whole model can infer the
scratch inspection result from the raw dark-field image in an
end-to-end manner.

B. Local Maximum Index

The LMI is inspired by keypoint extraction. Generally, the
keypoint is defined as extreme (minimum or maximum) value
pixel around its neighbors. Often, a hard threshold binarizes
the pixel to keypoint or nonkeypoint. However, the pixel
on scratch is usually not its local extreme; there are other
pixels on scratch that have similar value. The rigid threshold
approach loses too much scratch information. It is not suitable
for defect detection. Therefore, the LMI is proposed for
enhancing the pixel value on scratch that is calculated as
formula (1). The scratches are enhanced to the extent that the
output of LMI is visually apparent

FLMI(i, j) =
r=i+� N

2 �∑
r=i−� N

2 �

c= j+� N
2 �∑

c= j−� N
2 �

sgn(Iimg(i, j) > Iimg(r, c))

(1)

where FLMI denotes the LMI module’s output tensor; (r, c) and
(i, j) denote the position of pixels; Iimg(r, c) and Iimg(i, j)
represent the pixel value of the input image Iimg at the
corresponding position; sgn(x) is signum, and it equals 1 if
x = True else equals 0; and N is the local region size
parameter.

An illustration of calculating FLMI is shown in Fig. 3.
The dark-field image Iimg is the input of the LMI module.
A 5 × 5-sized (N = 5) sliding window moves on the dark-field
image. The value of FLMI at the center of the sliding window
is decided by pixels within the sliding window. As shown
in Fig. 3, the value of the center pixel is 56 (marked with
green color), within the sliding window; 21 pixels have a
lower value than the value of the center pixel. Therefore,
the value of FLMI at the center of the sliding window is 21.
After iterating through all pixels in Iimg, FLMI is produced
which is visualized as the gray-scale image in the right of
Fig. 3.

In practice, there are two tricks that need to be made when
calculating FLMI. First, FLMI should have the same size as the
original image in order to keep spatial relations. Therefore,
padding the image before calculating FLMI is essential. In our
test, different padding methods have no significant impact on
FLMI. Therefore, zero paddings, copy padding, and reflection
padding can be selected randomly. Second, when taking a large
local region size N , FLMI maybe too large to be stored in a
256-grade gray-scale image. Since the higher the pixel value
in FLMI is, the more likely it belongs to scratch. In order to
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Fig. 4. Structure of kernel K M
θ . There are two hyperparameters to decide a

kernel. One is the kernel size M, and the other is θ , which means the detection
direction. Example K M

θ when M = 15 and θ = 135◦ .

keep the range of FLMI from 0 to 255, formulas (2) and (3)
are proposed

T =
{

0, N ≤ 16

N × N−255, N> 16
(2)

F∗
LMI(i, j) =

{
0, FLMI(i, j)≤T ; 0 ≤ i, j < N

FLMI(i, j) − T, FLMI(i, j) > T ; 0 ≤i, j < N

(3)

where T is the threshold to limit the FLMI range. In a fixed N ,
the threshold is fixed in all pixels. In practice, parameters are
set as N = 25 and T = 370 so that FLMI(i, j) below 370 is
set to 0.

C. Direction-Sensitive Convolution

Although the LMI significantly enhances the scratch, a com-
plete scratch is split into multiple segments, and the back-
ground noise is also added into the image. The DSC module
is designed to connect the broken segments and reduces
background noises that are caused by the LMI. The DSC
consists of a group of special convolution kernels.

The size of a typical convolution kernel in CNNs is not
larger than 7, such as 3 × 3 and 5 × 5 in [19], 3 × 3 in [20],
and 3×3 and 7×7 in [21]. Since different sizes of kernels have
different effects on the feature extraction of scratches, large
kernels can obtain a larger receptive field, especially for the
thin and long weak scratches. It is verified in the experiments
in Section IV-E. Moreover, the scratch can be pointed in any
direction, and the kernels should be sensitive to all possible
directions. To fulfill these requirements, a special kernel K M

θ

with the different detection direction is proposed. Illustration
of K M

θ is shown in Fig. 4.
When the detection direction is changed every 5◦, 36 kernels

in different directions can be obtained, as shown in Fig. 5. The
width of the kernel is set to 3. The operation of DSC is to
convolve with FLMI through these different kernels, which is
defined as follows:

F M
dscθ = K M

θ � FLMI (4)

Fig. 5. Direction-sensitive kernels. The size of each kernel is 45 × 45 pixel,
each kernel has a three-pixel width white line across its center, and the angle
of the line between the two-neighbor kernels is 5◦.

Fig. 6. Effect of DSC. The convolution result of four directional sensitive
convolutions with FLMI and the kernel which convolves FLMI is at the
bottom-right corner of the image.

where FLMI is the output tensor of LMI; � is convolution
operation; K M

θ is the direction-sensitive convolutional kernel,
where M denotes the kernel size and θ denotes the degree
of detection direction in the kernel; and F M

dscθ is the output
tensors of DSC that should also be padded to keep the same
size as input. Fig. 6 shows the output of the DSC module
in different detection directions. As can be seen from Fig. 6,
when the kernel direction is aligned with the scratch direction,
the scratch is maximally enhanced, which can be connected
to a complete line segment. In practice, the kernel size M is
set to 45, which is much larger than the usual kernel size.

D. Encoder–Decoder Module

After transforming the prior knowledge into two computable
operations, the weak scratch can be enhanced and recognized
easily; 37 multilevel feature maps are obtained since LMI
has one feature map, and DSC produces 36 feature maps.
In order to further obtain accurate scratch detection results,
an automatic encoder (AE)–decoder structure is integrated into
the complete inspection model.
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Fig. 7. Upper trainable encode–decode module.

A trainable encoder–decoder CNN module is inspired by
UNet [20]. The UNet is a classical segmentation network
architecture that is an encoder–decoder network with shortcut
connections by concatenating the lower features to the upper
features. It has been used in many segmentation tasks and
has many variants. We tailored the original UNet architecture
as the encoder–decoder module. First, the size of the AE’s
input is fixed. In our practice, 512 × 512 is selected. Since
batch normalization (BN) that can accelerate network training
is an effective regularization method [29], [30], the BN layer
is appended to each hidden convolution layer. The specific
module structure is shown in Fig 7. The multilevel feature
maps are inputted from the left, and the inspection result
outputs from the right. The double convolution is composed
of conv-BN-ReLU-conv-BN-ReLU layers. The size of conv
kernel is 3 with the input module of 512 × 512 sized tensor
and k channels. The output of the LMI and DSC modules
comprise 37-channel feature maps as the input. The output
of the encoder–decoder is the same size as input that only
has one channel tensor in which each pixel value denotes
the pixel’s probability to scratch. In this way, an end-to-end
scratch inspection model is built. The bottom of the model
is responsible for feature enhancement, and the top part is
responsible for fine segmentation.

Besides the model structure, the loss function also should
be considered. In the scratch segmentation task, the learning
target is imbalanced. Scratches only take a very small portion
of the image. When training, the network could be biased
to nonscratch pixels. Generally, it is necessary to adjust the
weights of samples. Scratch’s weight should be larger than that
of the background. Inspired by the focal loss [31], the weighted
cross-entropy loss is proposed in the encoder–decoder module
to handle the imbalance sample, which is defined as follows:

Loss = −w+∗y∗ln(y′)−w− ∗ (1 − y) ∗ ln(1 − y ′) (5)

w+ = (
1 − y ′)r

(6)

w− = y ′r (7)

where w+ and w− denote the sample weights for positive sam-
ples (scratch) and negative samples (nonscratch), y denotes the
ground truth label (1 means scratch and 0 means nonscratch),

and y ′ denotes the model prediction. The hyperparameter r is
set to 2.

IV. EXPERIMENTS ON SCRATCH INSPECTION

A. Scratch Data Set

A dark-field inspection system for surface defects is used to
capture the images of large aperture optical components. It is
composed of a clamp unit, a 3-D motion unit, a high-resolution
camera, and a host computer. The 3-D movement unit is used
to move the camera to scan the optical element. The computer
is used to control the 3-D motion unit and capture images.
The maximum size of the optical element for inspection is
810 mm × 460 mm. It is obvious that the field of view (FOV)
of a camera is much less than the size of the optical element.
It is necessary for the camera to scan different areas in order
to obtain the whole image of the optical element. Two kinds of
cameras, such as a line-scan camera and an area-array camera,
can be selected. The line-scan camera should be continuously
moved, and the area-array camera should be continually moved
by the 3-D motion unit [5], [12]. The resolution of a typical
line-scan camera is 8192 × 1 pixels, and its scanning speed is
20 mm/s. Its FOV is 81.92 mm × 10 μm. The resolution of
a typical area-array camera is 2048 × 2048 pixels. Its FOV is
14.42 mm × 14.42 mm.

The images are divided into 512 × 512 pixels subim-
ages. Each subimage is checked by an experienced inspec-
tor. Scratches are manually labeled on each image. Only
images that contain scratch are selected. Data augmentation
is a regularization method [32] that can prevent the network
from overfitting on a small data set. Therefore, these images
are augmented by random rotating and flipping operations.
The zooming is not taken during data augmentation since
the distance between the optical component and camera is
fixed. After data augmentation, the images are split into a
training data set with 1760 images and a testing data set with
40 images.

B. Implementation Details

The whole inspection model is implemented in the Pytorch
framework. The LMI module and DSC module have the fixed
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parameters so that they are implemented by using Python and
OpenCV. The upper trainable encoder–decoder module is fed
by concatenation of the output of the LMI and DSC modules.
The last layer of the network uses a sigmoid function to
predict the probability of scratch at each pixel. Through these
procedures, an end-to-end scratch inspection model is built.

Referring to [31], the optimizer is stochastic gradient
descent (SGD), and the learning rate is 0.01. The model is
trained in an end-to-end mode with 30 epochs on the training
data set. A single NVIDIA 1080Ti GPU is used to train
and costs 3 h to complete the whole epochs. After training,
the model is validated on the testing data set.

C. Ablation Experiments

To further evaluate the effectiveness of modules that incor-
porate prior knowledge in scratch detection, ablation experi-
ments are conducted. The differences among these methods are
the existence of the LMI and DSC modules. The method with-
out both LMI and DSC modules refers to directly inputting
the original gray-scale image into the AE module for scratch
detection, so the input channel k of the AE is 1. Therefore,
the methods with LMI or DSC module, respectively, input the
processing results of the module into the AE for further defect
segmentation. The complete proposed method is with LMI and
DSC modules, which has 37 channels of tensor input to AE.
The qualitative segmentation results of the four methods are
shown in Fig. 8. Fig. 8(a) shows three raw dark-field images
and their corresponding contour maps. As can be seen from
Fig. 8(a), scratches are so weak that they are hardly inspected
from different viewpoints. Fig. 8(b) shows the ground truth.
Fig. 8(c) shows the inspection results from the method without
both LMI and DSC modules, Fig. 8(d) shows the inspection
results from the method with only the LMI module, and
Fig. 8(e) shows the inspection results from the method with
only the DSC module. Fig. 8(f) shows the inspection results
from the complete proposed method with LMI and DSC
modules. Fig. 8(g) shows the binarized results from Fig. 8(f).

From Fig. 8, we can find that there is a large gap between the
results from the method without both LMI and DSC modules
[see Fig. 8(c)] and the proposed method [see Fig. 8(f)]. The
scratches are hardly detected by the method without both
LMI and DSC modules. However, the detection effect is
gradually improved, whether in the case of adding an LMI
or DSC module. By comparing the methods, the proposed
method achieves the best results, which shows the benefits
of integrating prior knowledge into the CNN network. This
demonstrates that CNN networks often require many samples
to obtain useful features. In the case of a few samples
and low-contrast images, traditional CNN networks may not
achieve the best results. Therefore, it is useful to combine the
task-oriented prior knowledge module with trainable CNN for
different tasks, which is both explainable and flexible.

The pixel in the output image of the network represents
the probability of scratch at that position. For quantitative
analysis, the output of the network should be binarized. Since
the scratch takes a small portion in the defective image region,
a loose threshold 0.4 is chosen. Fig. 8(g) shows the binarized

result from Fig. 8(f). After binarizing, the performance of the
proposed method can be compared with the ground truth.
Four metrics are used for common semantic segmentation
from [33]. They are pixel accuracy (8), mean accuracy (9),
mean Intersection over Union (IoU) (10), and frequency
weighted IU (11) ∑

i

nii /
∑

i

ti (8)

(1/ncl)×
∑

i

nii

ti
(9)

(1/ncl)×
∑

i

nii

(ti + ∑
j n j i − nii )

(10)

(∑
k

tk

)−1

×
∑

i

ti nii

(ti + ∑
j n j i − nii )

(11)

where ni j denotes the number of pixels of class i predicted
to belong to class j ; ncl denotes class numbers, and, in our
case, it equals 2; and ti = ∑

j ni j denotes the total number of
pixels of class i .

Table I shows the quantitative results of the four methods.
The accuracy of the method without both LMI and DSC
modules is surpassed by the method with only the LMI
module. The mean accuracy is improved by nearly 14%. The
proposed LMI module is useful for improving accuracy. The
method with the DSC module further improves mean accuracy
by using multidirectional convolution. Through the integration
of the LMI and DSC, the proposed method achieves the best
accuracy on an average of four metrics.

D. Comparison Experiments

In order to demonstrate the effectiveness of the proposed
method, experiments are conducted to compare with different
methods, such as the classical method and CNN-based method.
Otsu [34], adaptive threshold [35], and the coarse-to-fine
model [12] are chosen as the classical methods to compare
with the proposed method. In CNN-based model, SegNet [36],
LinkNet [37], and modified UNet are chosen. The results of
the comparison experiments are shown in Table II. As can
be seen from Table II, the performance of the CNN-based
method is better than the classical method. Threshold methods,
including the Otsu and adaptive threshold methods, fail to
achieve more than 50% mean IoU. The coarse-to-fine method
proposed in [12] for scratch inspection is the best classical
method compared with two other threshold methods. The three
CNN-based methods are all trained by the raw dark-field
images without LMI and DSC modules. Compared with the
three CNN-based methods, our accuracy and mean IoU are
both best. These comparisons again verify the effectiveness of
the proposed method.

E. Effect of Hyperparameters in LMI and DSC

In the abovementioned experiments, it is shown that the
LMI and DSC modules are vital for scratch inspection. Each
of them has some hyperparameters that should be set before
training the model. Proper hyperparameters are helpful for
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Fig. 8. Inspection results with different data enhancement methods. (a) Three dark field image patches that contain weak scratch and their corresponding
contour maps. (b) Ground-truth scratch inspection results labeled by the inspector and their corresponding contour maps. (c) Results from the method without
both LMI and DSC modules. (d) Results from the method with only the LMI module. (e) Results from the method with only the DSC module. (f) Results
of the proposed method. (g) Binarized results from (f) using threshold 0.4.

scratch inspection. In this section, experiments are done to
show the effects of these hyperparameters.

1) Influence of Hyperparameters in the LMI Module: The
local region size parameter N is the only hyperparameter that
denotes the perception field of the center pixel in LMI.

To further quantify the effect of parameter N , the relation-
ship between N and the corresponding performance of scratch

enhancement is studied in this experiment. The experimental
results of scratch enhancement using different N values are
shown in Fig. 9. The trend shows that the performance first
rises and then drops as N increases. In Fig. 9(a), a too-small
N value has no effect on the enhancement of scratch areas.
When N is increased to 35, the background noise is minimal,
but some scratch segments disappear. The results show that the
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TABLE I

QUANTITATIVE COMPARISON

TABLE II

COMPARE WITH OTHER METHODS

Fig. 9. Results of LMI with different hyperparameter N . When N = 5,
the background noise is enhanced, but the scratch almost is not enhanced
at all. When N = 15, the scratch and background noise are both enhanced.
When N = 35, the background noise is suppressed, but some weak pixels
on the scratch are lost. When N = 25, the scratch is enhanced better than
N = 35, and the background noise is less than N = 15.

parameter N should be set to a medium value to ensure the
effect of scratch enhancement. This experiment is very helpful
for choosing a proper N . Here, N is set to 25.

2) Influence of Hyperparameters in the DSC Module: There
are two hyperparameters in DSC: kernel size M and the
number of convolution kernels.

To further determine the M value in the DSC, we tested the
DSC module by setting six different M values. Fig. 10 shows
the compared results with different kernel sizes. The trends

Fig. 10. Results of DSC with different convolution kernel size M, only one
DSC that is consistent with scratch is shown. When the kernel size equals 5,
the result of DSC is much like the input LMI. As kernel size increases,
the scratch is enhanced and connected. When M >25, the results are similar
to scratch enhancement, and only background noise has some differences.

show that the enhancement effect is significantly increased
as M increases. However, the enhancement effect remains
basically unchanged when M exceeds a certain range. When
M is among 35–55, the results are similar, and only back-
ground noises have some differences. A too-large size of the
convolution kernel results in a time-consuming and inefficient
calculation. The median kernel size 45 is chosen in this work.
It is verified that the traditional kernel with small size (such
as 3 × 3 [19]–[21], 5 × 5 [19], or 7 × 7 [21]) is not proper to
the inspection of weak scratches with different sizes.

The other hyperparameter is the number of convolution ker-
nels, which is decided by the angle between adjacent detection
directions. In the abovementioned experiments, the angle is
5◦, so a total of kernels is 36. Some results of the DSC are
shown in Fig. 11. The kernels have a significant effect on
the scratch. Usually, horizontal (θ = 0) and vertical (θ =90)
kernels are used. If only these two kernels are used, the scratch
is not enhanced strong enough. When the direction of the
kernel is consistent with the scratch direction, the scratch
is enhanced most. When kernel direction is perpendicular to
the scratch direction, the scratch is suppressed. Hence, a few
direction kernels are not enough. Besides, the kernel size M
is 45, and the kernel has limited ability to express small
angle changes. For example, if the kernel size is 3, only four
directions (0◦, 45◦, 90◦, and 135◦) are available. It is found
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Fig. 11. DSC with different direction kernels. Horizontal and vertical kernels
may lose their effect on scratch enhancement. Scratch is enhanced most when
the kernel direction θ is consistent with scratch. When the kernel direction θ
is perpendicular to scratch direction, scratch is suppressed.

from experiments that the 36 kernels with 5◦ intervals are the
best choice.

V. CONCLUSION

In this article, a novel end-to-end model combining prior
knowledge with CNN is proposed for the weak scratch inspec-
tion of optical components. It consists of three modules,
including the LMI module, the DSC module, and the trainable
encoder–decoder CNN module. The LMI and DSC modules
mainly focus on weak scratch enhancement based on prior
knowledge about scratch. The LMI module calculates the
LMI to enhance the scratch by distinguishing scratch and
background. The DSC module filters out the noises caused
by the LMI module and connects the broken scratch seg-
ment together. The trainable encoder–decoder module takes
the outputs of LMI and DSC as input and outputs the
inspection results. The proposed method not only significantly
improves the accuracy of weak scratch inspection, but it is also
well explainable. Compared with classical methods and other
CNN-based methods, the proposed method incorporating prior
knowledge achieves the best performance.
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