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Abstract
In this paper, we propose an unsupervised background reconstruction method to detect defects on surfaces with unevenly
distributed textures. An improved deep convolutional autoencoder is utilized to reconstruct the textured background of
the original image as a defect-free reference. Specifically, a weighted loss function based on structural similarity (SSIM)
is utilized to adapt to the unevenly distributed texture background and improve the reconstruction accuracy. Furthermore,
combined with the reconstructed defect-free reference, a novel difference analysis method based on the discrete cosine
transform (DCT) is given to accurately segment the defect regions from the original image. A series of experiments for the
defect detection on mobile phone cover glass (MPCG) are conducted. The processing time for an image of 512 × 512 pixels
is only 20 ms, which satisfies the requirement of online detection. The experimental results verify the effectiveness of the
proposed method.
Keywords Defect detection · Unsupervised learning · Background reconstruction

1 Introduction
In the field of industrial production, surface defects defined
as the physical or chemical anomalous regions on the surface, cause many problems downstream in the production
line and result in end products with lower quality that lead
to cost burden and non-profitable products. The first intuitive
solution for these problems is to detect the defect production
parts and eliminate them from the pipeline in time. In view
of the disadvantage of low efficiency and poor consistency
of traditional manual detection manner, visual inspection
systems are widely adopted to inspect the defects online
and ensure the consistent performance. Furthermore, due
to the shortage of labors and increasing labor costs, automated defect detection is demanded more intensely in many
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domains such as fabric, steel, and printed circuit board.
Therefore, the defect detection has become a hot spot in academic research and many achievements have been attained
[1, 2].
Some related reviews of defect detection [3, 4] classify
existing methods into the following categories: statistical
approaches, structural approaches, spectral approaches,
model-based approaches, and learning-based approaches.
In the perspective of whether defect samples are needed,
an important distinguishing factor in defect detection methods is that of supervised versus unsupervised methods [5].
When diversified and adequate defective samples can be easily collected and labeled, supervised inspection methods are
usually preferred. Cha et al. [6] proposed a method based
on Faster R-CNN to detect five kinds of structural defects
on steels. Chen et al. [7] utilized two cascaded networks to
detect defects on fasteners. Yuan et al. [8] adopted Generative Adversarial Network (GAN) to precisely segment defect
regions. However, for the case where defective samples
are unavailable or defects are unpredictable, unsupervised
methods are more appropriate. The frequently-used unsupervised defect detection methods can be roughly classified
into three categories including template matching-based,
spectrum analysis-based, and background reconstructionbased methods.
Vol.:(0123456789)
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Template matching is a simple and widely used method
to detect defects [9], especially for surfaces with complex
and fixed structures. The defects can be detected by comparing the input image and the template image after alignment.
Kong et al. [10] proposed a geometric alignment method
based on approximate maximum clique for defect segmentation. Annaby et al. [11] converted the similarity calculation
from the original two-dimensional into one-dimensional
space to accelerate the template matching process. Tsai et al.
[9] adopted a dissimilarity measure method based on the
optical-flow to detect defects on light-emitting diode (LED).
For the images with relatively regular textures as shown
in Fig. 1, spectrum analysis is another popular unsupervised
method. This method describes textures in a transformed
domain, including fast.Fourier transforms, wavelet transforms, and Gabor transforms, and then utilizes filters or filter
banks to detect defects. Tsai et al. [12] adopted a modified
filter in the frequency domain to remove the normal texture
in the restored image. Aiger et al. [13] normalized the result
of Discrete Fourier Transform (DFT) by its magnitude to
remove all regular patterns. The methods proposed by [12,
13] can handle complex images but they are based on a precondition that the processed textured image needs to have a
certain periodicity in order to distinguish the defect regions
from the background in the amplitude spectrum image. For
the images with weaker periodicity, Tsai et al. [14] stacked
images together so that the periodic patterns of the surface
can be observed in the additional frame-axis. However, this
method needs additional images as references.
The two kinds of methods mentioned above both have
some constraints on the input image. For images with varying texture and no periodicity, much of the works utilized
background reconstruction to detect defects. By collecting enough normal samples, the model can be trained to
reconstruct the background texture. Thus, the defect regions
can be detected by comparing the reconstructed and original image. Carrera et al. [15, 16] proposed a method based
on sparse coding to detect defects on Scanning Electron
Microscope (SEM) images. The anomalous regions were
detected as those for which the sparse representation on
this dictionary exceeded sparsity or error tolerances. Liang
et al. [17] utilized sparse representation to inspect defects
on touch screens. However, due to the iterative optimization while coding the image, the processing time of these
methods cannot meet the real-time requirement of online

detection. In addition to traditional methods, some works
recently adopted convolutional autoencoder (CAE) to perform defect detection. Chalapathy et al. [18] proposed the
robust CAE to detect anomalies. Zhao et al. [19] combined
CAE and GAN to detect defects on various kinds of textures.
Mei et al. [20] reconstructed image patches with denoising
autoencoder networks at different Gaussian Pyramid levels.
But this method adopts a sliding window with small stride,
which results in a large number of redundant computations
and low efficiency. To solve this problem, Yang et al. [21]
utilized a feature clustering-based autoencoder to directly
reconstruct the whole image to shorten the inspection time.
Although many achievements have been attained in
background reconstruction-based defect detection, the following problems still remain unsettled: (1) the previous
reconstruction methods mainly aim at the uniform distributed texture images and few research concerns those with
unevenly distributed and time-varying textures. (2) Little
existing researches place emphasis on the difference analysis
between the original and the reconstructed image to accurately segment the defect regions.
Aiming at the above problems, a novel unsupervised
background reconstruction method based on autoencoder is
introduced to effectively detect defects on the images with
unevenly distributed textures such as the MPCG. The proposed method utilizes a deep convolutional autoencoder to
reconstruct the original image and obtain the defect-free
background texture as a reference. Specifically, in order to
achieve the high-precision reconstruction of the background,
a weighted loss function based on SSIM is utilized to train
the network. Following the background reconstruction, the
residual image between the original and the reconstructed
image is calculated to segment defect regions. In order to
remove the false detection regions existing near edges, a
DCT-based regional analysis module is utilized to initially
detect the areas where may exist defects.
The remainder of this paper is arranged as follows. Firstly,
the defect detection method proposed will be introduced in
detail in Section II. Secondly, a series of related experiments
are reported to evaluate the performance of our method in
Section III. Finally, the conclusions are presented in Section VI.

2 Defect Detection Method Based
on Background Reconstruction
2.1 Problem Formulation

Fig. 1  Various fabric images
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Compared to the traditional unsupervised defect detection methods, the detection task presented in this paper is
more challenging which are for the industrial images with
unevenly distributed and time-varying texture such as the
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Transition Zone Random speckles
Fig. 2  MPCG images. a Entire image, the regions marked by b–g are
shown in b–g. b Upper arc region. c Lens region. d Earpiece region.
e Sensor region. f Vertical side region. g Character region. h–i Two
local regions extracted from f
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mobile phone cover glass (MPCG). As shown in Fig. 2, it
can be seen that the template matching-based and spectrum
analysis-based methods may not be effective essentially.
Specifically, as shown in Fig. 2b–e, the surface of MPCG
contains various structures including an earpiece, two sensors, four arcs, etc., and thus unevenly distributed textures
exist such as uniform color blocks and rough texture regions.
Moreover, the texture in many transition zones shown in
Fig. 2h between different regions are time-varying due to the
fluctuations in production. In addition, as shown in Fig. 2i,
non-defective random speckles also appear on these transition zones which are easily misjudged as flaws. In this case,
the strategy of background reconstruction is expected to be
one possible way to solve this kind of problem.
However, compared to the available methods based on
background reconstruction, the task in our case is more challenging due to its characteristic of unevenly distributed and
time-varying textures. To address this challenge, as shown
in Fig. 3, an improved deep convolutional autoencoder with
loss function of weighted SSIM is proposed to improve the
reconstruction effect for non-uniform and time-varying texture background. On the other hand, an image difference
analysis method based on DCT is presented to achieve
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Fig. 3  Flowchart of the proposed method. a Training stage of the network, which uses the weighted SSIM as the loss function. Here only
the structure of the ConvBlock is shown in detail, and the structure
of the DeconvBlock is symmetrical with it. E_pre, E_post, D_pre and
D_post are the pre-processing and post-processing layers for Encoder
and Decoder respectively. b Testing stage, i.e. the defect detection
phase, consists of image reconstruction and image difference analy-

sis. The image difference analysis contains three parts: residual image
calculation, regional analysis, and result fusion. Isrc and Irec respectively represent the original and the reconstructed image, ISSIM is
the reconstruction error measured by SSIM, Iweight is a weight map,
Iresidual is the residual image between Isrc and Irec, Imask is the result of
regional analysis module and Ires represents the defect segmentation
result
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accurate defect segmentation. The details of the methods
are described as follows.

2.2 The Basic Principle of the Proposed Method
The proposed method is based on the assumption that a welltrained network can reconstruct the input image. Even for a
defective sample, the network can also obtain the defect-free
image, i.e. the background, as a reference. Therefore, the
defect regions can be obtained by calculating the difference
between the original and the reconstructed image. The processes can be expressed as
( )
Irec = R Isrc
(1)
)
(
Ires = G Isrc , Irec
(2)
where Isrc represents an original image may contain defects,
R denotes the reconstruction network, I rec is the reconstructed image, G represents the difference analysis function
between Isrc and Irec. Ires denotes the defect detection result.
The convolutional autoencoder (CAE) is commonly used
for unsupervised learning of efficient coding [22]. CAE utilizes two modules: an encoder E and a decoder D to reconstruct the image. More specifically, E extracts the representation of the input image, and D maps the representation from
the feature space into the two-dimensional space to get the
reconstructed image, which can be written as
( )
𝐳 = E Isrc
(3)

Irec = D(𝐳)
(4)
where E and D are both fully convolutional neural networks
with symmetric structures. Isrc ∈ ℝC×H×W and Irec ∈ ℝC×H×W
represent the original and the reconstructed image, respec�
�
�
tively, 𝐳 ∈ ℝC ×H ×W indicates the low-dimensional hidden
representation of Isrc. C, H, W and C’, H’, W’ denote the
number of the channels, the width, and the height of Isrc and
z, respectively. To effectively extract features from Isrc, it is
necessary to maintain C′ ≫ C, H ′ ≪ H, and W ′ ≪ W . C is
fixed as 1 in this paper since all the samples processed are
grayscale images.

2.3 Improved Deep Convolutional Autoencoder
with Loss Function of Weighted SSIM
The traditional deep convolutional autoencoder commonly
utilizes Mean Square Error (MSE) [7, 20, 21] loss function between the original and the reconstructed image to
train the parameters, which is unable to adapt to images with
unevenly distributed textures such as MPCG. Therefore, two
improvements are adopted to optimize network performance:
1) a weighted average is utilized while calculating loss function to accommodate the unevenly distributed textures; 2)
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use structural similarity (SSIM) [23] instead of MSE to
measure the reconstruction loss. The detailed introduction
will be given in Sect. 2.3.2. Furthermore, the description of
the structure of the network will be introduced in Sect. 2.3.1.
2.3.1 Design of the Network Structure
As shown in Fig. 3a, in the designed autoencoder network, the encoder E and the decoder D mainly consist of
four ConvBlocks and four DeconvBlocks, respectively. The
ConvBlock contains two convolutional layers with 3 × 3
kernel size, two batch normalization (BN) layers, and two
LeakyReLU layers (slope = 0.2). Note that the pooling layers and upsampling layers are eliminated in our network. In
each ConvBlock, the first convolutional layer has a stride of 2
and the second one has a stride of 1, while the DeconvBlock
does the opposite. Meanwhile, the autoencoder also contains
two convolutional and two transposed convolutional layers
for pre-processing and post-processing as shown in Fig. 3a.
Specifically, E_pre layer consists of a convolutional layer
with 5 × 5 kernel size, a BN layer and a LeakyReLU layer.
E_post consists of a convolutional layer with 8 × 8 kernel
size and a BN layer while D_pre does the opposite. D_post
is a transposed convolutional layer with 5 × 5 kernel size.
The specific parameters of the entire network are given in the
"Appendix". As can be seen from Table 4, the size of feature
map is strictly symmetrical in the pipeline of autoencoder.
2.3.2 Design of Loss Function Based on Weighted SSIM
In the training stage of autoencoder, the reconstruction error
between the original and the reconstructed image can be
utilized as the loss function to promote the network to continually improve the reconstruction quality, which can be
expressed as
(
)
)
(
‖
L Isrc , Irec = Diff Isrc , Irec + 𝜆‖
(5)
‖W N ‖F
where W N denotes the parameters of the network and
λ||WN||F is a regular item to avoid over-fitting, Diff(Isrc, Irec)
represents the difference comparison function between two
images Isrc and Irec to calculate the reconstruction error. The
most widely used comparison function is the MSE, which
can be defined as follows:

(
)
MSE Isrc , Irec =

H−1 W−1
)2
1 ∑∑(
Gsrc (i, j) − Grec (i, j)
H × W i=0 j=0

(6)
where H and W represent the width and height of the original
image, Gsrc(i, j) and Grec(i, j) denote the grayscale value of
the pixel (i, j) in the original image Isrc and the reconstructed
image Irec, respectively.
However, MSE is more suitable for images with evenly
distributed texture as shown in Fig. 1. But the MPCG images
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have multiple unevenly distributed textures on it. As shown in
Fig. 2f, the relatively uniform regions (color blocks and rough
textures) account for more than 90% area of the image, while
the more crucial transition zones with complex texture account
for less than 10%. In the training stage, the network can quickly
obtain small reconstruction error in the relatively uniform
regions while still maintaining poor quality in the transition
zones near edges. Due to the huge difference in area between
the two kinds of regions mentioned above, the calculation of
MSE will be dominated by the uniform texture with a larger
area. Therefore, even the loss function is close to convergence,
the reconstructed image is still blurred which will generate
false detection regions as shown in Fig. 4.
Indeed, the problem is caused by a large number of meaningless uniform regions with low reconstruction errors. Therefore, it can be solved by modifying the weight of each region
when calculating the reconstruction error. Specifically, a high
weight value is given for a complex region and vice versa.
In this way, the network will concentrate on improving the
reconstruction quality of important regions instead of treating
the whole image equally.
For the image Isrc ∈ ℝ1×H×W , a window slides through
Isrc to extract a serious of image patches and the variance of
each patch is calculated to obtain a variance map which can
be written as

1
V(i, j) =
Nrc

)2
∑ ( (
)
Gp i� , j� − G
(i� ,j� )∈Pij

(7)
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where V(i, j) is the variance value of pixel (i, j) and Pij is the
image patch centered on (i, j) extracted from the original
image, Gp(i′, j′) denotes the grayscale of pixel (i′, j′) in Pij
and G denotes the mean grayscale of Pij. Nrc represents the
number of pixel points in Pij. It can be noticed that the variance can describe the complexity of the texture to a certain
extent. A complex texture region has a high variance value
due to the drastic change in grayscale. So the weight value
can be assigned according to the variance as follows:

W(i, j) = Cnorm × (V(i, j) + b)
(H−1 W−1
)−1
∑∑
=
× (V(i, j) + b)
(V(i, j) + b)
i=0 j=0

where W(i, j) denotes the weight value of the pixel (i, j) in
the weight map Iweight, b is a bias to balance the importance
of the high and low variance regions. Cnorm is a normalization parameter to ensure that the sum of W(i, j) is 1. The
gained weight map Iweight is shown in Fig. 5.
In Fig. 5b, the color of each pixel represents the importance
of the reconstruction error in this region. Then, the initial loss
function can be optimized by changing the summation process
to a weighted average. For example, the traditional MSE can
be modified to the following formula:
)
∑ ((
∑ W−1
(
)2
) H−1
Gsrc (i, j) − Grec (i, j) × W(i, j)
MSE� Isrc , Irec =
i=0 j=0

(9)
Since the MSE is only a pixel-by-pixel comparison and
lacks the regional information, it is not proper for images with
complex structures like MPCG. Therefore, it is necessary to
introduce a comparison of local information. To this end, the
structural similarity (SSIM) [23] between two regions in the
original and the reconstructed image is utilized to measure the
reconstruction error. The calculation process of SSIM can be
expressed as

SSIM(𝐱, 𝐲) = l(𝐱, 𝐲)𝛼 × c(𝐱, 𝐲)𝛽 × s(𝐱, 𝐲)𝛾
l(𝐱, 𝐲) =

Fig. 4  The reconstruction result of the network trained by MSE.
a Original image, and the black dot in the red circle is the defect to
be detected. b Reconstructed image. c Residual image. d The partial
residual image in the red circle. e The three-dimensional view of c,
and not only the defect but also the edge regions in the residual image
have large residual values which may cause false detection

(8)

2𝜇x 𝜇y + c1

(10)
(11)

𝜇x2 + 𝜇y2 + c1

Fig. 5  The result of weight calculation a Original image. b Gained
weight map Iweight
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c(𝐱, 𝐲) =

s(𝐱, 𝐲) =
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2𝜎x 𝜎y + c2
𝜎x2 + 𝜎y2 + c2
𝜎xy + c3
𝜎x 𝜎y + c3

(12)

(13)

where x and y denote the two image patches in the comparison, α, β, and γ are user-defined constants to balance
the three terms. l(x, y), c(x, y), and s(x, y) represent the
comparison functions of luminance, contrast, and structure,
respectively. μx and μy denote the mean intensities, σ2x and
σ2y are the variances and σxy represents the correlation coefficient between x and y. c1, c2, and c3 are small constants to
avoid calculation instability when the denominators are very
close to zero. In order to simplify the expression, as defined
in [23], α = β=γ = 1 and c3 = c2/2 are set in this paper. This
results in a specific form of the SSIM index
(
)(
)
2𝜇x 𝜇y + c1 2𝜎xy + c2
SSIM(𝐱, 𝐲) = (
)(
)
(14)
𝜇x2 + 𝜇y2 + c1 𝜎x2 + 𝜎y2 + c2
When x and y are equal, the SSIM will be 1 since it measures the similarity between two images. So it needs to be
modified as

Ls (𝐱, 𝐲) = 1 − SSIM(𝐱, 𝐲)

(15)

where Ls(x, y) is the loss function based on SSIM.
Combing SSIM and the weighted average, the loss function that finally adopted in the training stage can be formulated as follows

detect defective regions to avoid false detection (where background pixels are misjudged as defects). (3) A combination
of the results of (1) and (2) to precisely segment defects.
The regional analysis plays an essential role in improving
the performance since it overcomes some shortcomings of
traditional methods [20, 24] on MPCG images.
Although the weighted loss function mitigated the reconstruction accuracy problem caused by the unevenly distributed texture, there are still some misjudged pixels near edges
due to the blur of the reconstructed images as shown in
Fig. 6. Generally, the residual values of these false detection
regions are larger than those of the true defects. In this case,
it is difficult to distinguish the defect and the false detection by simple binarization. Traditionally, the false detection
regions are removed by filtering methods. However, due to
the high complexity of the MPCG, the reconstructed image
becomes more blurred and these regions will be wider than
those in [20, 24]. That means a filter with a large kernel size
is required, which will lead to the distortion of the defects
and cannot guarantee the complete elimination of the false
detection regions.
Therefore, a regional analysis module is utilized to
roughly locate regions that may be defective to solve this
problems. The original and the reconstructed image are
firstly divided into two batches of image patches of size
N × N with stride s. N and s are fixed as 32 in this paper.
Then, the difference between original image patch psrc and
reconstructed image patch prec is measured by spectrum
analysis to determine whether a defect exists. Specifically,
it is realized by the Discrete Cosine Transform (DCT) which
can be formulated as
∑∑

N−1 N−1

∑ ( ( (i,j) (i,j) )
∑ W−1
(
) H−1
)
‖
Ls Isrc , Irec × W(i, j) + 𝜆‖
L Isrc , Irec =
‖W N ‖F

F(u, v) = c(u)c(v)

(16)
where Isrc and Irec are respectively the original and the reconstructed image, I(i,j)
and I(i,j)
represent the image patches cenrec
src
tered on pixel (i, j) extracted from Isrc and Irec, respectively,
and W(i, j) is the weight value of (i, j) in the weight map
Iweight gained from the Formula (8).

⎧�1
,u = 0
⎪
c(u) = ⎨ � N
2
⎪ N,u ≠ 0
⎩

i=0 j=0

i=0 j=0

) (
)
(
(j + 0.5)𝜋v
(i + 0.5)𝜋u
cos
f (i, j)cos
N
N

(17)

(18)

2.4 Image Difference Analysis
Following the image reconstruction, the difference between
the original and the reconstructed image needs to be analyzed to detect defects. As shown in Fig. 3b, the image
difference analysis process contains three steps: (1) A
pixel-by-pixel comparison between the original and the
reconstructed image is performed to obtain the residual
image. (2) A regional analysis module is utilized to roughly
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Fig. 6  The result of directly binarization. a Original image. b Reconstructed image. c Residual image after binarization
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Fig. 7  The result of DCT. a The defective region in the original
image. b Reconstructed image of a. c Defect-free edge region in the
original image. d Reconstructed image of c. (e–h) DCT amplitude
spectrum images corresponding to a–d

where f(i, j) is the grayscale value of location (i, j) in the
image patch, c(u) and c(v) are coefficients and F(u, v) represents the value of (u, v) in the amplitude spectrum image
after the DCT as shown in Fig. 7.
Thanks to the energy concentration effect of DCT, its
analysis difficulty is lower than that of other spectrum
analysis methods such as DFT. In addition, compared with
Fig. 7b, Fig. 7a contains a large black region (a defect). Due
to the huge grayscale difference between the defect and the
background, there are many additional high-energy spectral
components in the corresponding amplitude spectrum image
as shown in Fig. 7e. Thus, the average amplitude value of
defective patch will be larger than that of reconstructed
patch. Furthermore, compared with Fig. 7d, the defect-free
edge image shown in Fig. 7c contains no additional image
regions but only the shape variation and blur. Therefore,
Fig. 7g contains no significant additional high-energy spectrum components while approximately maintaining the
amplitude values. As described above, the DCT is sensitive to defect regions while keeping robust to the variation
of normal regions after reconstruction. Therefore, it can be
adopted as a feature extraction method.
Since the high-energy components of the amplitude spectrum are generally distributed in the upper left corner, the
mean amplitude value of this region is calculated as the feature to distinguish the defective patches from normal ones,
which can be expressed as
)
)
(( L−1 L−1
∑∑
1
F(u, v) − F(0, 0)
fDCT (p) =
(19)
L×L−1
u=0 v=0
where p denotes the image patch and fDCT(p) represents the
feature extracted from p, L is the statistical range in the mean
calculation process and is fixed as 8 in this paper. F(u,v)

369

denotes the amplitude values in the result of DCT corresponding to p. It can be noticed that F(0,0) is deliberately
subtracted because it will be affected by the average grayscale value of p. The defects detected in our task are generally black or white. Compared with the reconstructed image,
the defect will significantly decrease or increase the average
grayscale value and F(0,0), which will interfere the subsequent judgments.
In the testing stage, the DCT-based features of the original and the reconstructed image are calculated patch-bypatch to distinguish the defective patches from normal
ones, which can be written as
{
( )
( )|
|
− fDCT pr,c
>𝜀
1, if |fDCT pr,c
r,c
src
rec ||
|
Imask =
(20)
0, otherwise
where r ∈(1,…, Rr), c ∈(1,…, Rc), and Rr= (H–N)/s + 1,
Rc= (W–N)/s + 1. pr,c
and pr,c
rec respectively represent image
src
patches extracted from Isrc and Irec in region index (r, c),
represents the analysis result of region (r, c) in Imask,
Ir,c
mask
and 𝜀 is a threshold. As shown in Fig. 8, the proposed module not only is robust to the reconstruction error near edges
but also detects all the defective regions.
Following the regional analysis, a result fusion is conducted to obtain the fine defect segmentation result which
can be written as
{
1, if M(i, j) × Gresidual (i, j) ≥ 𝜇 + 𝛾𝜎
Res(i, j) =
(21)
0, otherwise

(
)
Gresidual (i, j)= abs Gsrc (i, j) − Grec (i, j)

(22)

where M(i, j) denotes the value of pixel (i, j) in Imask,
Gresidual(i, j) is the grayscale value in the residual image
Iresidual. abs(·) is the absolute value operation. μ and σ represent the mean and standard deviation of Iresidual, respectively,
γ is a sensitivity parameter which is set to be 3 in this paper,
and Res(i, j) denotes the value of pixel (i, j) in the defect
segmentation result Ires. The above procedures can be summarized as:

Fig. 8  The result of regional analysis. a Original image. b Reconstructed image. c Gained Imask and the white regions are the places
where the defect may exist
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3.1.2 Evaluation Criterion
To evaluate the performance of the proposed method quantitatively, three evaluation indicators including Precision,
Recall, and F1-Measure are adopted, which can be calculated as follows

Recall =

TP
TP + FN

Precision =

TP
TP + FP

F1 − Measure =

2 × Recall × Precision
Recall + Precision

(23)
(24)
(25)

where TP denotes the number of correctly detected defect
regions, FN represents the number of undetected defect
regions, and FP is the number of the background regions
that are wrongly detected as defects.

3 Experiments
To evaluate the performance of the proposed method, a set
of experiments are conducted as follows. First of all, the
dataset and the evaluation criteria are introduced. Secondly,
a set of comparative experiments are performed to evaluate
the reconstruction quality of the designed loss functions.
Thirdly, the effectiveness of the regional analysis module is
proved. Finally, the overall inspection performance of the
proposed method is compared with several traditional unsupervised methods both qualitatively and quantitatively. All
the models were trained on a computer with four NVIDIA
RTX2080Ti GPUs, and the comparative experiments were
conducted on the same computer, which was equipped
with 64 GB of RAM, an Intel i9-9900X processor, and an
Ubuntu16.04 operating system.

3.1 Experimental Setup
3.1.1 Dataset Description
The dataset used in this paper contains 124 defect-free and
88 defective images collected from the production site. Due
to the high resolution (7168 × 14,000 pixels) of the raw
images, it is not feasible to directly train the reconstruction
network using these images. Therefore, 4836 images with
the size of 512 × 512 pixels were extracted from the defectfree images as the training set. As for the defective images,
only the region containing a defect was extracted and marked
pixel-by-pixel to distinguish the defect from the background.
Finally, a total of 88 defective images were collected as the
testing set. All the defects appear as dots or irregular strips,
and the width of these defects ranges from 4 to 16 pixels.
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3.2 Influence of Loss Function
To validate the effect of the weighted SSIM loss function
utilized, four networks with the same structure were constructed, which were trained by the weighted SSIM (Net1),
the traditional SSIM (Net2), the weighted MSE (Net3) and
the traditional MSE (Net4) loss functions, respectively. The
reconstruction result of each network after training is shown
in Fig. 9.
As shown in Fig. 9b–e, the network trained by the
weighted SSIM loss function has the best reconstruction
quality in the black transition zone as well as the gray rough
texture region. To more intuitively demonstrate the effectiveness of the loss function adopted, Fig. 9f shows the threedimensional view of the residual image between Fig. 9a, b
while Fig. 9g shows that between Fig. 9a, c. It can be seen
that in the black transition zone in the upper right corner of
the image, the reconstruction error of Net1 is significantly
less than that of Net2. However, due to the violent change of
grayscale, there are still some false detection regions (shown
in deep red) in the upper right corner of the two residual
images, so the regional analysis module is indispensable to
reduce false detection.
To quantitatively describe the difference in the performance of each loss function, four networks were evaluated
on the testing set constructed in Sect. 3.1, and the abovementioned regional analysis module was utilized in all networks for fairness. The results are shown in Table 1.
As shown in Table 1, the weighted loss functions (Net1
and Net 3) are better than the corresponding traditional
ones (Net2 and Net4) in all indicators. And the networks
trained by SSIM (Net1 and Net2) are also far superior to
the networks trained by MSE (Net3 and Net4). Compared
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Fig. 9  Influence of the adopted loss function a Original image. b–e Reconstruction results of Net1 to Net4, respectively. f Residual image
between a and b. g Residual image between a and c

Table 1  The influence of different loss functions

Recall
Precision
F1-Measure

Net1

Net2

Net3

Net4

0.957
0.918
0.937

0.946
0.746
0.834

0.817
0.667
0.734

0.774
0.661
0.713

to Net2, Net1 has no obvious improvement in Recall since
two networks both completely erased the defect regions
in the reconstructed images as shown in Fig. 9b, c, which
means there is no significant difference in the segmentation result of the defect regions. However, Net1 markedly
outperforms Net2 in Precision. Due to the large reconstruction error of Net2 in various transition zones, there are still
many misjudged pixels even the regional analysis module
is adopted. On the contrary, Net1 has only some minor
reconstruction error near edges which can be removed during the regional analysis process. Therefore, there is a 0.17
improvement in Precision.

Fig. 10  The influence of regional analysis module. a Original image.
b Residual image. c Residual image after median filtering. d Residual
image processed by the regional analysis module
Table 2  The result of different denoising methods

W/median filtering
W/RAM

Recall

Precision

F1-Measure

0.782
0.957

0.600
0.918

0.679
0.937

3.3 The Influence of Regional Analysis Module
As described in Sect. 2.3, the regional analysis module
(RAM) plays an important role in improving the performance. Figure 10 shows its removal effect for the false detection near edges. Table 2 quantitatively evaluates the performance of the detection methods with RAM and median
filtering. The same reconstruction network is adopted in
each method for fairness.
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For the method with median filtering (W/Median Filtering), a large kernel size was required to remove the false
detection regions, and it inevitably narrowed the defect areas
and erased some small defects, which will decrease Recall.
Moreover, it cannot completely eliminate the false detection
regions and finally results in a low Precision. However, as
shown in Fig. 10d, the method with regional analysis module (W/RAM) removes most of the false detection regions
without obviously affecting the shape of defects. Therefore,
our method has an improvement of 0.3 in Precision while
maintaining a high Recall.

3.4 Overall Comparative Experiments
of the Proposed Method
To further evaluate the effectiveness of the proposed method,
comparative experiments between our method and the other
four methods are carried out. The four methods include traditional ones such as LCA [12] and PHOT [13], as well as
two deep learning-based algorithms, AE [25] and MS-FCAE
[21]. All these methods were trained and evaluated using
the same dataset introduced in Sect. 3.1, and the inspection results of these methods on the eight selected defective
samples are shown in Fig. 11.
LCA removes the background texture by eliminating
the high-frequency and DC components while remaining
the low-frequency parts corresponding to defects. Thus,
as shown in Fig. 11, LCA can perform defect detection on
images with simple textures such as Fig. 11a, but it has poor
detection results in images with unevenly distributed textures
images shown in Fig. 11b–h. The PHOT method is more suitable for images with periodicity, so it obtains a good performance on images with periodic regular textures as shown in
Fig. 11c. However, it is less incapable of detecting defects on
the images (Fig. 11d–h) which have weak periodicity.
The deep learning-based methods are far superior to the
traditional ones in the performance. Since these methods
have no constrains on the input images. It can be seen from
Fig. 11 that AE already has certain defect detection capability, but as a result of the poor reconstruction quality, there
are many false detection regions near edges. Furthermore,
MSFCAE utilizes a feature clustering module and reconstructs the original image at different scales, so it performs
better than AE. Surprisingly, as shown in Fig. 11e, MSFCAE
missed the defect that even traditional AE can inspect. After
reviewing the image reconstruction results, it was found that
MS-FCAE reconstructed part of the defect regions together
which will seriously affect the defect detection. According
to [21], the feature clustering module should have effectively solved this problem but it was invalid in our case. The
problem may be owing to the k-means clustering algorithm
that MS-FCAE utilizes. The performance of the k-means
clustering algorithm is significantly affected by the number
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of samples. However, the unevenly distributed textures of
MPCG result in an extreme imbalance of the number of corresponding feature vectors, which weakens the effect of feature clustering module and affect the reconstruction results.
The inspection results of the five methods are shown in
Table 3. The LCA and PHOT both detect defects by processing the amplitude spectrum images, so they are more
appropriate for images with regular textures whose amplitude spectrum images are more easily to analyze. But the
testing set contains a large number of images with irregular
textures as shown in Fig. 11. In these images, both methods
misjudged part of the background texture as defects and left
out many real defect regions. Thus, these two methods perform not well on the indicators. The deep learning-based
methods (AE and MS-FCAE) can reconstruct the irregular texture background, which means they can detect most
part of the defect regions and achieve good performance
on Recall. But both methods frequently misjudged some
regions near edges as defects since all image regions are
treated equally. As detailed in Sect. 2.3.2, compared to the
uniform region, the contribution of edge region to the loss
function is too small to prompt the network pay sufficient
attention on the improvement of the reconstruction quality
of these regions. Consequently, part of edge regions were
misjudged as defects due to the large reconstruction error of
these regions, which means a medium Precision.
By contrast, the proposed method obtains a good performance both on Recall and Precision. The reason why that
kind of difference happens relies on three factors. Firstly, to
accommodate the unevenly distributed texture, a weighted
average is utilized while calculating the reconstruction error
of images. It can markedly improve the reconstruction quality of edge regions which reduced the number of misjudged
areas and promoted the Precision. Secondly, traditional
MSE was replaced by SSIM to calculate reconstruction error
between two image regions. The SSIM-based loss function
can lift the reconstruction quality as a whole which enable the
model to detect some tiny defects that other methods cannot
handle and obtain a high Recall. Thirdly, to further improve
the Precision, a DCT-based regional analysis module was
utilized to wipe out possible misjudged regions near edges.
In addition, the average processing time for an image is
only 20 ms, which can fully meet the real-time requirements
of the industrial site.

4 Conclusions
In this paper, we proposed a background reconstruction
method to perform defect detection on images with unevenly
distributed textures such as MPCG while requiring no defective samples. An improved deep convolutional autoencoder
is constructed to reconstruct the defect-free image, i.e. the
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Original Image

Ground Truth

LCA

PHOT

373
AE

MS -FCAE

Ours

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Fig. 11  Examples of the defect inspection performances of the compared methods

background, of the original image as a reference. In particular,
a weighted loss function based on SSIM is adopted. It encourages the network to focus on the more important regions, such

as transition zones, to adapt to images with uneven texture distribution and improve the overall reconstruction quality. Following the image reconstruction, a novel difference analysis
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Table 3  Defect inspection results of different methods

Recall
Precision
F1-Measure

LCA

PHOT

AE

MS-FCAE

Ours

0.194
0.200
0.197

0.505
0.370
0.427

0.784
0.448
0.570

0.828
0.513
0.634

0.957
0.918
0.936

module based on DCT is proposed to precisely segment defect
regions. A series of comparative experiments were conducted
and the results demonstrated that the proposed method is effective and the inspection time for an image of 512 × 512 pixels is
only 20 ms, which meets the requirement of online detection.
Acknowledgements This research is supported by National Natural
Science Foundation of China under Grant 61503378 and Youth Innovation Promotion Association, CAS (2013097).

Appendix
See Table 4.
Table 4  The specific parameters of the network. Type ‘Conv’ means
the layer is a convolutional layer while ‘TConv’ indicates it is a transposed convolutional layer. The filter size is given in the format of
c × h×w, where c, h and w are numbers, height and width of filters
in each layer. s and p represent the stride and padding of convolutions, respectively. The output size of each layer is given in the format
of Cf× Hf× Wf, where Cf, Hf and Wf are channel number, height and
width of output feature maps, respectively
Layer Name
Input
E_pre
ConvBlock1
ConvBlock2
ConvBlock3
ConvBlock4
E_post
D_pre
DeconvBlock1
DeconvBlock2
DeconvBlock3
DeconvBlock4
D_post
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Type
Conv
Conv
Conv
Conv
Conv
Conv
Conv
Conv
Conv
Conv
TConv
TConv
TConv
TConv
TConv
TConv
TConv
TConv
TConv
TConv

Filter size

Output size

32 × 5×5, s = 2, p = 2
64 × 3×3, s = 2, p = 1
64 × 3×3, s = 1, p = 1
128 × 3×3, s = 2, p = 1
128 × 3×3, s = 1, p = 1
256 × 3×3, s = 2, p = 1
256 × 3×3, s = 1, p = 1
256 × 3×3, s = 2, p = 1
256 × 3×3, s = 1, p = 1
200 × 8×8, s = 1, p = 0
256 × 8×8, s = 1, p = 0
256 × 3×3, s = 1, p = 1
256 × 3×3, s = 2, p = 1
256 × 3×3, s = 1, p = 1
128 × 3×3, s = 2, p = 1
128 × 3×3, s = 1, p = 1
64 × 3×3, s = 2, p = 1
64 × 3×3, s = 1, p = 1
32 × 3×3, s = 2, p = 1
1 × 5×5, s = 2, p = 2

1 × 512 × 512
32 × 256 × 256
64 × 128 × 128
64 × 128 × 128
128 × 64 × 64
128 × 64 × 64
256 × 32 × 32
256 × 32 × 32
256 × 16 × 16
256 × 16 × 16
200 × 9×9
256 × 16 × 16
256 × 16 × 16
256 × 32 × 32
256 × 32 × 32
128 × 64 × 64
128 × 64 × 64
64 × 128 × 128
64 × 128 × 128
32 × 256 × 256
1 × 512 × 512
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