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ABSTRACT. This paper presents an automatic inspection of defects in semiconductor images.
We devise a statistical method to find defects on homogeneous background from the observation
that it has a log-normal distribution. If computer aided design (CAD) data is available, we use it
to construct a signed distance function (SDF) and change the pixel values so that the average
of pixel values along the level curve of the SDF is zero, so that the image has a homogeneous
background. In the absence of CAD data, we devise a hybrid method consisting of a model-based
algorithm and two neural networks. The model-based algorithm uses the first right singular
vector to determine whether the image has a linear or complex structure. For an image with
a linear structure, we remove the structure using the rank 1 approximation so that it has a
homogeneous background. An image with a complex structure is inspected by two neural
networks. We provide results of numerical experiments for the proposed methods.

1. INTRODUCTION

It is very important to find defects in semiconductor products that affect shape, functionality,
and stability of devices, but manual inspection gives different results for each individual.
Therefore, automatic optical inspection continues to improve to detect defects and increase yield
in semiconductor manufacturing [1, 2]. Non-destructive visual inspection, like scanning electron
microscope (SEM) image, is critical in the industry to assist or replace manual inspection
processes.

So far, many researches have been proposed to find defects in images, e.g., phase only
transform [3], principal component analysis [4], self-similarity [5], and A-contrario detection [6].
In particular, possible approaches for detecting defects in semiconductor images include the
use of discrete cosine transform (DCT) [7], independent component analysis (ICA) [8], and
machine learning [9]. If there is additional data, such as defect-free images or other sensor
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images, possible methods include the use of XOR with binarization [10], multiple scanning
image method [11], linear discriminant analysis (LDA) [12], and discrete wavelet transform [13].
Each of these methods can be a good choice if a golden template is available or images have
similar structures.

In this paper, we first present a method for detecting defects in an image with a homogeneous
background. From the observation that the intensity histogram of such an image has a log-
normal distribution, we fit a Gaussian function to the log histogram twice. First, we perform a
first fit over the entire domain to find the interval of background intensity. In the background
interval, a second fit is performed to find the shape of the distribution function when the image
has no defects. An outlier that does not decrease like the tail of a Gaussian function is judged to
be defects. We also present two ways for converting an image with structure to an image with a
homogeneous background. The first way to remove structure is possible when computer aided
design (CAD) data is available. An image with a homogeneous background can be obtained
using the signed distance function (SDF) generated from a binary CAD. If CAD data is not
available, we present a second way to check if the image has a linear or complex structure and
to remove the linear structure from the image. Neural networks are used to find defects in an
image of complex structure.

The rest of this paper is organized as follows. In Section 2, we describe the proposed defect
detection method and two methods for obtaining an image with a homogeneous background.
There are experimental results for several data sets in Section 3. We conclude this paper with
remarks in Section 4.

2. METHODS

In this section, we first propose a method for detecting defects in an image with a homoge-
neous background. It is much more useful to have design information such as CAD data when
performing defect inspection. Therefore, we divide the situation into two cases: with CAD data
and without CAD data.

2.1. Double-fit method. This section describes a statistical technique for finding defects in
an image with a homogeneous background. Let u be an m × n image with a homogeneous
background. First, we adjust the image so that the minimum value is 0 and the maximum value
is 1. To ensure that the algorithm works consistently, we use a log scaled histogram instead of
the original one, which is given by log(e10 h(x)mn + 1) where h(x) is the histogram of the image
u. Then, let H(x) be the smoothed log scaled histogram, i.e., H(x) = G ∗ log(e10 h(x)mn + 1)
where G is 1-D Gaussian kernel with kernel size 5. Assuming Gaussian noise, the histogram
h(x) has a normal distribution and defects are hidden very small in the tail. When viewed
on a logarithmic scale (i.e., H(x)), the part corresponding to the background takes the form
of a parabola at the center, and the defect part rises slightly from the bottom at the tails. If
H(x) is fitted with a Gaussian function at the center, the defects on the tail sides do not fit the
Gaussian distribution, so defects can be found. Therefore, we fit a Gaussian function to H(x)
twice to find the shape of the log scaled histogram of an image background. The first fit is done
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FIGURE 1. Double-fit method and its result: (a) Denoised input image with
a dark defect in the center (Reprinted from [11] with permission from IOP
Science). (b) Double-fit process: the blue color is H(x) and the red curve is
the doubly fit Gaussian function in the region between two dashed lines. The
25% inflated function Z(x) is shown in yellow. The black line is max(σ∗∗, 0.2)
used for the threshold and the green color represents the defect region in the
intensity domain. (c) Defect region in the input image. There is a hole which
will be removed in post-process.

by minimizing the following weighted L2 norm on the interval [0, 1] to find the background
interval:

min
ξ,µ,σ

∫ 1

0

(
H(x)− ξe−

(x−µ)2

2σ2

)2

e
− (x−µ0)

2

2σ2
0 dx , (2.1)

where µ0 = argmax
x

H(x) and σ2
0 is the variance of H(x). Note that exp

(
− (x−µ0)2

2σ2
0

)
is the

weight to better fit the central part that is the region representing the homogeneous background.
Let (ξ∗, µ∗, σ∗) be the solution of the minimization problem (2.1). To fit the background part
more accurately with a Gaussian function, we perform a second fit with the first result:

min
ξ,µ,σ

∫ µ∗+σ∗

µ∗−σ∗

(
H(x)− ξe−

(x−µ)2

2σ2

)2

e
− (x−µ∗)2

2(σ∗)2 dx . (2.2)

Let (ξ∗∗, µ∗∗, σ∗∗) be the minimizer of the problem (2.2). We now introduce an r inflated
Gaussian function Z(x) = rξ∗∗ exp

(
− (x−µ∗∗)2

2(rσ∗∗)2

)
to determine the defect region. The inflation

ratio r = 1.25 and r = 1.4 are used to construct Z(x). If a pixel value x satisfies that
H(x) > Z(x) and |x− µ∗∗| > max(σ∗∗, 0.2), then x is considered a defect. Here, the value
0.2 is an empirically chosen constant from the process of adjusting the range of the image u. We
call the above process the double-fit method. In Figure 1, (b) shows the details of the double-fit
method with inflation ratio r = 1.25 and (c) shows the result of the method.
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FIGURE 2. Result of the SDF method: (a) Input image (Reprinted from [14]).
(b) CAD data. (c) Signed distance function generated from CAD data. (d) Image
with a homogeneous background obtained by zeroing the average along the
level curves. (e) Defect region found by the double-fit method in the input
image.

2.2. Case with CAD data: SDF method. Let C be the binary CAD data well aligned with the
image to be inspected. From the CAD data C, the SDF ϕ can be obtained as

ϕ(x) =

{
−d(x, ∂Ω), if x ∈ Ω,

d(x, ∂Ω), if x /∈ Ω,

where Ω is the region with a value 1 in C and d(x, ∂Ω) is the distance from x to ∂Ω. In order to
remove the structure in the background of the image, we consider the level curves of SDF ϕ. An
image with a homogeneous background is obtained by zeroing the average along the level curve
of ϕ. We call it the SDF method. Then we apply the double-fit method in Section 2.1 to detect
defects. In Figure 2, (b) shows the CAD data for the input image (a), (c) shows the SDF from
the CAD data. (d) shows the image with the structure removed, and (e) shows the result of the
double-fir method.

Even if there is no CAD data, if there is a corresponding image without defects, a pseudo CAD
data C∗ can be obtained from that image. In this case, we can use C∗ to remove the structure
contained in the defective image and then use the double-fit method to inspect for defects. First,
we obtain a binary image C̃ by thresholding the image without defects. Then, the boundaries of
C̃ may not be smooth, which can produce an incorrect SDF and an image with inhomogeneous
background. Therefore, in order to obtain a correct SDF, a process of smoothing the boundary
is needed. Let ϕ̃(x) be the SDF from the binary image C̃, then smoothing is performed only
within the region {x | |ϕ̃(x)| < 0.25}. We then consider the curvature κ(ϕ̃) = ∇ ·

(
∇ϕ̃

|∇ϕ̃|

)
of

the level curve of ϕ̃. We observed that the sign of curvature is the same near the corners of the
structure and changes at non-smooth boundaries. When the sign of curvature is changed, we
switch the 0-1 pixel values of the binary image C̃ to get C∗ with a smooth boundary. We call
C∗ a pseudo CAD data. Figure 3 shows the process of generating the pseudo CAD data C∗.
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FIGURE 3. Generation of a pseudo CAD data with smooth boundary: (a) Input
image (Reprinted from [15]). (b) Corresponding image without defects. (c) C̃
obtained by thresholding. (d) SDF generated from C̃. (e) A pseudo CAD data
C∗. (f) SDF generated from C∗.

2.3. Case without CAD data: hybrid method. In this section, we propose a hybrid method to
find defects even in the absence of CAD data. The hybrid method consists of a model-based
algorithm and two neural networks. The model-based algorithm is used to find defects in
an image with a linear structured background. For an image with a complex background, a
classification neural network is used to determine whether the image is defective or not. If it is
defective, then a segmentation neural network is used to detect defects.

2.3.1. Right singular vector (RSV) method. This section describes an algorithm for determining
whether an image has a linear structure and how to find defects in this case. The algorithm
mainly consists of the following three steps:

(1) Find the dominant angle θ∗ of the image,
(2) Determine whether the image has a linear structure,
(3) Remove the linear structure.

Let u be an m× n image. Before finding the dominant angle of the image u, we adjust u so
that the minimum intensity is 0 and maximum one is 1. For the adjusted image u, we determine
edges if |∇u| > 20

m+n . Then we calculate the angle

θ∇u = tan−1

(
uy
ux

)
on the edges

and find θ1 such that the interval I = [θ1 − π
8 , θ1 +

π
8 ] contains the largest number of angles

{θ∇u}. Here, we use the periodic property of the tangent function. Let σ2
θ be the variance of

{θ∇u} in the interval I . We find θ2 with the window size 4σθ on the interval I and determine
the dominant angle θ∗ as follows:

θ2 = argmax
θ∈I

|{θ∇u ∈ [θ − 2σθ, θ + 2σθ]}| ,

θ∗ = mean {θ∇u ∈ [θ2 − 2σθ, θ2 + 2σθ]}.

For the dominant angle θ∗, we rotate the image u by −θ∗ so that the dominant angle is 0.
Let uθ∗ be the rotated image. We obtain an image ũθ∗ on the rectangular domain by filling
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the blanks generated by the rotation with the intensities at the ends of the horizontal line. We
observed that the first right singular vector of an image with a horizontal linear structure is
parallel to the all-ones vector 1. If the angle between the first right singular vector of ũθ∗ and
the all-ones vector 1 is less than 4◦, the image is considered to have a linear structure. Here, the
angle 4◦ is empirically chosen. Even with the same image, the singular value decomposition is
different depending on the change in illumination, so it is necessary to adjust the image to be
robust to such change. From the relation between the Frobenius norm and the singular values of
the image u such that ∥u∥2F =

∑
i σ

2
i , we adjust the image by adding a constant c to u so that

∥u+ c∥2F = ∥1
21∥

2
F = mn

4 holds. Solving the equation, we get

c = − 1

mn

∑
i,j

uij +

√√√√√
 1

mn

∑
i,j

uij

2

− 1

mn

∑
i,j

u2ij +
1

4
.

The method to find the angle θ∗ and determine whether the image has a linear structure is
called the right singular vector (RSV) method. In the image judged to have a linear structure,
we remove the linear structure by subtracting the rank 1 approximation of ũθ∗ . Then, we rotate
the residual image by θ∗ to reverse the angle, and crop the original area to get an image with
a homogeneous background. Finding defects in the image without structure is the same as in
Section 2.1. Figure 4 shows the process of RSV method and double-fit method for the image
with linear structure removed. For an image judged to have a complex structure, we apply neural
networks in the following section.

2.3.2. Neural networks. As mentioned earlier, two types of neural networks are used in the
hybrid method. The first is a classification network which gives the probability that the input
image has defects. The second is a segmentation network which provides the defect region in
the input image. To train the neural networks, we use the following data augmentation strategy:

• Normalization and the use of complement,
• Crop the image into five pieces of 75% size,
• Eight types of rotation and flipping.

For a 256 × 256 grayscale image u, we use the normalized image ū = u−µ
10σ + 0.5 and the

complementary image ūc = 1− ū, where µ is the average of u and σ2 is the variance of u. Then
we crop the image into five 192× 192 images around the 4 corners and at the center. Finally,
we rotate the image by π

2 , π and 3π
2 radians and flip these vertically.

The classification network takes a grayscale image as input and returns the probability that
the input image is defective. Binary cross entropy is used as the loss function of the network.
We check the accuracy to measure the performance of the network. The network architecture
based on the DenseNet [16] is shown in Figure 5.
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FIGURE 4. Results of the RSV method and detection of defects: Input images
are shown in the first column (First image is reprinted from [11] with permis-
sion from IOP Science, and second and third images are reprinted from [14]).
The second column shows the rotated images (ũθ∗) and original input images
marked with red rectangle. The third column displays the first right singular
vector, the all-ones vector 1, and the angle between the two vectors. When
the angle is smaller then 4◦, images with the structure removed and outputs of
double-fit method are shown in fourth and fifth columns, respectively.

The segmentation network takes a defective image as input and returns defective regions. We
use the per-pixel weighted cross entropy as the loss function of the network:

L(x, y) = − 1

N

N∑
i=1

|xi|∑
j=1

2∑
k=1

wk
i · 1{yji=k} · log

(
S(xi)

k
j

)
,

where i is the index of images, j is the index of pixels in image, k is the index of channels, N
is the mini-batch size, S(xi) is a result of ith image, w1 = 0.9 for defects and w2 = 0.1 for
background. Note that 1{yji=k} is an indicator function which gives 1 when the jth pixel of

the ith labeled image is k, and 0 otherwise. We use a larger weight for defect labels to avoid
missing defects. The optimizer Adam is used to minimize the loss function with parameters
β1 = 0.9, β2 = 0.999, ϵ = 10−8 and learning rate 0.001. To measure the network performance,
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FIGURE 5. Classification network architecture; a 3 × 3 dense block con-
sists of four bottleneck blocks. Each bottleneck block consist of two [Batch
Normalization]→[Convolution]→[ReLU] stages. It returns the probability that
the input image is defective.

we use the weighted IoU score as follows:

w(r) =
1

2π
tan−1

(
1

r
− 9

)
+

3

4
, (2.3a)

IoU(A,B) =
|A ∩B|+ ϵ

|A ∪B|+ ϵ
, (2.3b)

Score = w(r) · IoU(S(x), y), (2.3c)

where r = defect size+ϵ
image size is the relative size of defect. A small defect has a weight of almost

1 since lim
r→0

w(r) = 1 while a large defect has a weight of almost 0.5 since lim
r→1

w(r) ≈ 0.5.

This weight can prevent the network from giving up small defects and focusing more on large
ones. In (2.3b), we added ϵ = 10−6 to both the numerator and denominator to prevent division
by zero and to ensure IoU(ϕ, ϕ) = 1 for the empty set ϕ. The network architecture based on
U-Net [17] with ResNet [18] is shown in Figure 6.

2.3.3. Hybrid method: Combination of RSV method and neural networks. For a grayscale input
image, we first apply the RSV method to determine whether the image has a linear structure or
a complex one. If the method determines that the image has a linear structure, we remove the
linear structure and apply the double-fit method. If the image is determined to have a complex
structure, we crop it into five pieces and pass each through the classification network. For the
piece judged to have defects in the classification network, the RSV method is applied again
since the piece of the image can have a linear structure. The piece determined to have a complex
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FIGURE 6. Segmentation network architecture; It has a U-Net structure with a
ResBlock form in a skip connection.

structure passes through the segmentation network to find defects. Then we combine the results
of the five pieces as follows:

(1) Count the test number for each pixel. The test number is the number of times each pixel
is included in the five pieces.

(2) Accumulate the result of five pieces.
(3) Divide the cumulative result by the test number to calculate the defect probability.
(4) If the defect probability is greater than 0.5, the pixel is judged as defective.

The whole process is described in Figure 7.

Remark. We may consider applying the segmentation network even when an image (or a piece
of image) has a linear structure. We observed that for most of such images, the neural network
does not give as accurate results as the double-fit method combined with the RSV method.

2.4. Pre-processing and post-processing. Before applying proposed algorithms, we use a 2-D
Gaussian convolution with a window size of 5× 5 to denoise the image and restore edges using
a shock filtering model [19] given by

ut = −sign(△u)|∇u|.

Then we measure the range of the image and if it is less than 0.3, the image is determined that
there is no defect.

If a defect appears on the boundary of the image, it is not known whether it is an actual
defect or a part of the structure. Therefore, if a defect appears on the boundary of the image, it
is excluded. For the remaining defects, we perform the morphological dilation and erosion to
connect nearby defects using a round kernel with a radius of 16 pixels for a 256× 256 image. If
there is a hole inside the defect, we fill it in during the post-processing. Figure 8 shows the flow
chart of our whole algorithms.
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FIGURE 7. Result of the hybrid method: (a) shows the input image (Reprinted
from [10]) which is classified as a complex image. (b)-(f) show the five pieces
of the image and the binary classification network classified all 5 pieces to be
defective. The angle between the first right singular vector and all-one vector
1 is displayed at the top of the images. Since the RSV method classified (b),
(d), and (e) as the images with linear structure, we remove the linear structure
by subtracting the rank 1 approximation and find the defects by the double-
fit method. Segmentation network finds the defects in (c) and (f) which are
classified as the images with complex structure. (h) shows the number of times
each pixel is included in the five pieces. (i)-(m) show the defect regions for
each five pieces of the image. (g) and (n) shows the defect region and defect
probability, respectively.

3. EXPERIMENTAL RESULTS

The proposed algorithms were implemented to evaluate the performance of defect inspection
for images with various structures. Since there is no testing database for semiconductor defects,
we used the images in the literature [10, 11, 12, 14, 15, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29,
30, 31]. We obtained 163 grayscale images with defects, from which we created 158 defect-free
images using the exemplar-based inpainting method [32] and some manual processes. The size
of images under inspection is 256 × 256. In the double-fit method, inflation ratio r = 1.25
was used for the threshold. If there are more than five defects, we judge that the double-fit
method over-detects the defects. In this case, an increased inflation ratio r = 1.4 was used for
the threshold to reduce the number of detected defects.

Figure 9 shows the defect inspection results when additional data is available. The multiple
scanning image method [11] could not be implemented because there was no additional data
from other sensor images. We show the input image, ground truth, results of our SDF method,
XOR method [10], LDA method [12], and wavelet method [13] in order from left to right
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FIGURE 8. The flow chart of our algorithm: Our algorithm is divided into two
cases. The SDF method with the double-fit method finds defects when CAD
data is available. The hybrid method finds defects without CAD data.

column. We used the defect-free images to obtain pseudo-CAD data and made SDF by fast
sweeping method [33] with reinitialization [34]. In XOR method, LDA method and wavelet
method, the defect-free images were used as additional data. Since the defect-free images are
generated from the exemplar-based inpainting method, the difference image after binarization
in the XOR method gives nonzero values only on defect regions. In the XOR method, since
a square kernel was used in the post-processing, the boundary of the final defect region has
rectangle shapes. The difference image in the LDA method gives nonzero values on defect
regions, too. This is why the two methods give quite good results. For the wavelet method,
the coif1 wavelet was used. When CAD data is available, the SDF method yields good results
comparable to the LDA method regardless of the complexity of the image structure.

Figure 10 shows the defect inspection results when additional data is not available. Since
our images have various structural complexity, DCT method [7] for finding pinhole defects in
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TABLE 1. Summary of IoU scores in Figures 9 and 10.

With additional data Without additional data
Method SDF XOR LDA Wavelet Hybrid PCA Self-similarity ML
Mean 0.6889 0.4926 0.7156 0.1450 0.5823 0.0329 0.2090 0.3803
SD 0.1776 0.1337 0.1591 0.2665 0.2208 0.0589 0.1792 0.3342
Min 0.2564 0.2641 0.4383 0 0.0229 0 0.002 0
Max 0.9133 0.7122 0.9591 0.7972 0.8046 0.1528 0.6267 0.8631

images with a homogeneous background is not suitable. Similarly, ICA method [8] for finding
the location of defects in images with vertically repeating structure is also not suitable. We show
the input image, ground truth, results of our hybrid method, PCA method [4], Self-similarity [5],
and the machine learning method [9] in order from left to right column. In the PCA method, we
used 3 sigma range for the binarization. The PCA method is simple and fast, but it does not
work for large defective images and vertical structured images. For the self-similarity method,
NFA = 10−10 was used. The self-similarity method is known to work well for images with
repetitive structures and have a disadvantage that it takes a long time when the image becomes
large. The machine learning method which takes a 512× 512 image as input has a W-shaped
cascaded autoencoder architecture. To use this network architecture, we obtained 512× 512
images using the joint bilateral upsampling method [35]. We train the parameters in the network
with our dataset. The number of parameters in the network is 61.9M, which is greater than
our hybrid network’s parameter number 11.7M . Despite using five times more parameters, the
single machine learning method is inferior to our hybrid method. Even when CAD data is not
available, our hybrid method detects defects relatively well, although slightly inferior to the
SDF method for images with complex structures.

Table 1 summarizes the IoU scores in Figures 9 and 10 as mean, standard deviation, minimum,
and maximum values. When additional data is available, the LDA method seems to give the best
performance (highest mean, minimum and maximum values, and lowest standard deviation),
but this is because the difference image gives non-zero values only in defect regions. Our SDF
method gives the second highest mean value. Our hybrid method offers the best performance
among methods without additional data. The results of the hybrid method are comparable to
those of the SDF method.

All model-based algorithms were implemented in MATLAB. All neural networks were
implemented in Python with PyTorch [36] and all computations were performed on a cluster
equipped with Intel Xeon Gold 6148(2.4GHz, 40C) CPUs, NVIDIA TITAN V GPUs, and the
operating system Ubuntu 18.04 64 bits. Note that for images with a complex structure, the
computing time is the longest, about 1.8 seconds.

4. CONCLUSION

In this paper, we proposed a statistical method, so called the double-fit method, for detecting
defects in an image with a homogeneous background. Furthermore we proposed two methods
for removing structures: one in the presence of CAD data and the other in the absence of CAD
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FIGURE 9. Comparison of several methods when additional data is available:
In the RSV method, the angle between the first right singular vector and all-ones
vector 1 says that the top five images have a linear structure (LS) and the bottom
five images have a complex structure (CS). Our SDF method used pseudo CAD
data generated from defect-free image as additional data. XOR method, LDA
method and wavelet method used the defect-free image as additional data (Ninth
and tenth images have permission from Springer).
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FIGURE 10. Comparison of several methods when additional data is not avail-
able: In the RSV method, the angle between the first right singular vector and
all-ones vector 1 says that the top five images have a linear structure (LS) and
the bottom five images have a complex structure (CS). Our hybrid method
detect defects relatively well. PCA method doesn’t work for non directional
texture. Self-similarity method detect defects when the image has repeated
pattern. Machine learning method detect defects for various structure but not
the overall shape.
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data. If CAD data corresponding to the image is available, we can easily obtain an image with
a homogeneous background using SDF. When CAD data is not available, the RSV method
determines whether the image has a linear or complex structure. For an image with a linear
structure, we remove the linear structure by subtracting the rank 1 approximation, then the
double-dit method finds defects in the residual image. For an image with a complex structure,
combination of the RSV method and two neural networks are applied; the classification neural
network determines whether the image is defective or not and the segmentation neural network
finds defects for the defective images. We experimentally showed that the proposed methods
provided good performance, both with and without additional data.
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