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Abstract: Textured surface anomaly detection is a significant task in industrial scenarios. In order
to further improve the detection performance, we proposed a novel two-stage approach with an
attention mechanism. Firstly, in the segmentation network, the feature extraction and anomaly
attention modules are designed to capture the detail information as much as possible and focus
on the anomalies, respectively. To strike dynamic balances between these two parts, an adaptive
scheme where learnable parameters are gradually optimized is introduced. Subsequently, the
weights of the segmentation network are frozen, and the outputs are fed into the classification
network, which is trained independently in this stage. Finally, we evaluate the proposed approach
on DAGM 2007 dataset which consists of diverse textured surfaces with weakly-labeled anomalies,
and the experiments demonstrate that our method can achieve 100% detection rates in terms of TPR
(True Positive Rate) and TNR (True Negative Rate).

Keywords: textured surface anomaly detection; computer vision; deep learning; attention mechanism;
adaptive fusion

1. Introduction

Automatic surface-anomaly detection is one of the most vital tasks in manufacturing processes to
guarantee that the end product is visually free of anomalies. It is mostly relevant in various domains of
industrial production, such as steels [1,2], fibers [3], and plastics [4]. As a matter of fact, surface anomaly
detection is usually carried out manually due to the constraints of technical conditions, which is
very inefficient and errors are apt to occur due to fatigue. Over the past two decades, automated
surface inspection approaches based on computer vision have been proven to be very effective and
are attracting more research attentions. In particular, deep learning techniques have achieved great
success in the domain of visual inspections.

In the early years, classical image processing approaches were often applied to controlled
environments, such as stable lighting conditions. Sanchez-Brea et al. [5] put forward a thresholding
technique to detect the anomaly according to the intensity variations of rings which is caused when
laser beams illuminate the wire. However, such methods are no longer applicable for complex
backgrounds or the strong interference of noises. More appropriate methods should be designed
for these challenging tasks. Later approaches can be mainly divided into two categories: models
based on selective features, and deep learning-based methods [6,7]. Feature-based approaches such as
visual saliency map [8], gray level co-occurrence matrix [9], and statistical projection [10] are usually
appropriate for specific tasks. These features are not only hard to design, but being hand-crafted
features, they are also not useable for other applications, which causes the extension of development
cycles to adapt different products. The emergence of deep learning-based models has significantly
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improved this issue, as such methods are data-driven, and can automatically seek optimal features
which avoids the special feature-design processes for different applications.

In recent years, there have emerged more and more excellent convolutional neural network
models, such as FPN [11], ResNet [12], and SegNet [13]. Apart from these models mentioned above,
FCN [14] is the first network applied to semantic segmentation tasks in an end-to-end manner. In this
method, an encoder–decoder module and skip connections are used to combine deep with more
shallow features. Attention U-Net [15] highlights the foreground via the supplement of more semantic
information in the encoder parts. Hi-Net [16] utilizes more information from different modalities
via the fusion of each learned feature representations. Liu et al. [17] present a sample balancing
strategy via the assignment different weights to the edge and background pixels to further improve the
extraction accuracy.

Early work on textured surface anomaly detection where deep learning is utilized can be found
in Ref. [18], which investigated the performance differences generated by different hyper-parameter
settings. Racki et al. [19] presented a compact convolutional neural architecture for the detection of
surface anomalies. This network firstly acquires good features via segmentation network, then all
the parameters are frozen, and only the classification network is trained. Mei et al. [20] proposed an
unsupervised algorithm for fabric anomaly detection. It reconstructs image patches via convolutional
denoising autoencoder networks under multi-scale gaussian pyramid levels, and the residual maps of
each image patch are used for pixel-wise prediction.

In order to further improve the surface anomaly detection performance on the DAGM 2007
dataset, this paper presents an attention-based network inspired by the works mentioned above.
On one hand, feature extraction module be used to capture detailed information. On the other hand,
anomaly attention module is designed to strengthen the potential objects and simultaneously weaken
the background noises. The validity of the proposed method is confirmed by a series of experiments.

The remainder of this paper is organized as follows. The proposed model is elaborately described
in Section 2. The experiment and discussion are presented in Section 3. Finally, Section 4 draws the
conclusion of this paper.

2. Materials and Methods

For the dataset with limited samples, overfitting is prone to occur when detection or classification
approaches are employed directly. However, segmentation-based two-stage models can settle this
issue, and the methods of this type generally follow the same paradigm, i.e., segmentation network is
applied to extract good feature representations, then the classification network is trained upon these
features. The validity of this mode can be explained that for segmentation tasks, overfitting problems
can be largely improved as image segmentation belongs to pixel-level classifications, enabling effective
samples to be added in the training process [21].

2.1. Segmentation Model

An encoder–decoder architecture is adopted to capture the detailed information [22] as much
as possible, especially for the small anomaly structure used in this paper. However, unlike U-Net
network [22], we also design an attention-based fusion module to focus on the potential objects.

The overall segmentation part is shown in Figure 1, which consists of the encoder, decoder,
skip connections, and the proposed fusion block. Specifically, pool and corresponding transpose
convolution operations divide the whole process into four stages, and in the second and third stages,
the relevant layers from encoder and decoder are combined via skip connections. As a whole,
we integrate encoder and decoder information of the first stage via the attention-based fusion module
to realize background weakness and anomaly reinforcement.
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Figure 1. Segmentation network (AFM: Attention-based fusion module).

2.2. Attention-Based Fusion Module

The attention-based fusion module is designed to capture the detailed information, meanwhile
strengthen the salient features and weaken irrelevant and noisy responses as well. The detailed
procedure is presented in Figure 2.
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Figure 2. Attention-based fusion module.

In the feature extraction module, the information from encoder and decoder are merged by
add operation and ReLU activation function, which ensures that detailed features can be retained,
and visual saliency maps are highlighted to some extent. Moreover, the semantic gap between the
feature extraction module and following anomaly attention module is narrowed when semantic
information is supplemented in this section, which is more conducive to the training process.

Anomaly attention module provides a more comprehensive perspective to focus on the potential
objects and weaken background information. Specifically, on one side, the information of the encoder
from the first stage is input into a convolution layer to increase nonlinearity and feature depth. On the
other side, the corresponding part from the decoder is exerted by the convolution operation and
sigmoid function to obtain an attention coefficient. Then the output of these two sides are integrated via
pixel-wise multiplications, which are followed by convolution operation to further increase nonlinearity
and feature depth.

In order to weigh the detailed information and visual saliency extraction, an adaptive fusion
module is designed to combine the two information from feature extraction and anomaly attention
modules in a learning manner, and the weight parameters can be updated adaptively to maximally meet
the demands of the different applications. As shown in Figure 2, the output of the feature extraction
and anomaly attention modules above are concatenated firstly, then the result is executed by 5 × 5 and
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1 × 1 convolution calculations respectively, which can learn the weight parameters from channel inners
and inters. The output 1 and output 2 are reserved for the following classification module.

In addition, for the imbalance issue of samples, the loss of each pixel is formulated as Equation (1)
to attach more weight for positive samples.

`(Xi) = −
1
N

N∑
i=1

(αlog(1− P(yi = 0|Xi )) + βlogP(yi = 1|Xi )) (1)

Here Xi, yi denote feature vector and label at pixel i respectively. P represents the sigmoid
activation function, and α = 1, β = 3 in this paper.

2.3. Classification Network

The classification part relies on the outputs of segmentation network where all the parameters
are frozen. As shown in Figure 3, we introduce this module according to Ref. [21]. The main
difference is that a mergence operation of multiple dilated convolutions similar to deeplabv3+ [23] is
employed to acquire enough receptive field and mitigate the loss of detailed information as much as
possible. Moreover, the ReLU activation function after add operation [15] is utilized to be conductive
to increasing the network sparsity and alleviating the overfitting issue, in the same manner as in the
segmentation model.
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Similarly, the loss of each sample in classification network can be calculated by softmax
cross-entropy function as follows,

`(S j) = −
1
M

M∑
j=1

(S j + log
C∑

k=1

S jk) (2)

where S j indicates the input of softmax function for sample j. C, M refer to the number of categories
and samples.

2.4. DAGM Textured Dataset

The proposed approach is evaluated on the open textured surface dataset DAGM 2007 (https:
//hci.iwr.uni-heidelberg.de/node/3616) for industrial optical inspection. It consists of 10 sub-datasets
with different classes of anomalies, the distribution condition of training and testing samples with the
size of 512 × 512 is listed in Table 1, and the positive means the textured samples with defects, while
the negative represents the defect-free samples. All the defective areas are roughly labeled with an
encircling ellipse.

https://hci.iwr.uni-heidelberg.de/node/3616
https://hci.iwr.uni-heidelberg.de/node/3616
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Table 1. Sample distribution of the DAGM dataset.

Train Test

Class Positive Negative Positive Negative

1 79 496 71 504
2 66 509 84 491
3 66 509 84 491
4 82 493 68 507
5 70 505 80 495
6 83 492 67 508
7 150 1000 150 1000
8 150 1000 150 1000
9 150 1000 150 1000
10 150 1000 150 1000

Considering the imbalance of positive and negative samples in training set, we generate another
three samples for each positive training example via rotating with 180 degree, mirroring along
horizontal and vertical axis in the same manner as in Ref. [19], and a series of relevant experiments for
the augmented dataset are also carried out for further analysis.

3. Result and Discussion

All experiments are implemented using Tensorflow [24] and the process is divided into two
steps. Firstly, the segmentation network is trained independently, then these optimized parameters
are frozen and only classification network are trained in the second stage. Batch normalization [25] is
implemented in each convolutional layer. The Adam [26] optimizer and a learning rate of 0.1 are used
in this paper.

Firstly, the effectiveness of the anomaly attention module is verified from the views that
the segmentation results should provide good interpretability as human experts and the optimal
performance is liable to achieve. Figure 4a illustrates two examples when the anomaly attention
module is used or not used, and the relevant variations of classification score on the test dataset is
shown in Figure 4b.
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It can be explained that on one side, it can better focus on the object regions for the anomaly
attention module than that when only the feature extraction module is applied, and improve the
condition that background noises are apt to be erroneously identified as anomalies. On the other
hand, due to the interference of the false-alarm blocks, the difficulty in differentiating anomalies
from background noises is increased for classification model, which causes us to conclude that the
classification network is harder to be optimize as Figure 4b.

Then, we report the results of comparative experiments with Compact CNN in Ref. [19] on the
original and augmented datasets as depicted in Table 2.

Table 2. Comparative experiments with Compact CNN on original and augmented datasets (Our results
are marked with square brackets. TPR: True Positive Rate; TNR: True Negative Rate).

Original Augmented

Class TPR TNR TPR TNR

1 100[100] 96.4[100] 100[100] 98.8[100]
2 98.8[100] 99.6[100] 100[100] 99.8[100]
3 100[100] 97.1[100] 100[100] 96.3[100]
4 77.9[100] 95.7[100] 98.5[100] 99.8[100]
5 100[100] 99.6[100] 100[100] 100[100]
6 100[100] 100[100] 100[100] 100[100]
7 100[100] 98.9[100] 100[100] 100[100]
8 100[100] 99.9[100] 100[100] 100[100]
9 100[100] 100[100] 100[100] 99.9[100]
10 100[100] 99.7[100] 100[100] 100[100]

From Table 2 we can see that Compact CNN is apt to be affected by the imbalance of positive
and negative samples, while our model is not very sensitive to this quantity difference and can work
well under the two conditions. Therefore, the proposed approach is quite applicable to practical
industrial scenarios where defective samples are hard to acquire but numerous defect-free samples are
usually available.
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Finally, more comparative results are listed in Table 3 for widespread comparison and
comprehensive analysis. It is clear that deep learning-based approaches bring about significant
performance improvements relative to feature selection methods, which can be explained by the
fact that deep learning models can extract more high-level feature representations which are similar
to the intrinsic properties of defects and backgrounds, while hand-crafted features merely describe
the coarse or middle-level information, and the ability of feature expression is largely limited.
Moreover, the proposed model can achieve better results than previous deep learning-based works
on DAGM 2007. We hold that the proposed attention-based fusion module plays a crucial role in it.
Specifically, it is known that the classification network is highly dependent on the frozen segmentation
parameters, and the presented attention-based fusion approach can further optimize them to improve
segmentation outputs in the ways of highlighting the potential anomalies and weakening background
noises. A number of examples are shown in Figure 5. Figure 6 shows some samples compared with
Compact CNN.

Table 3. Classification performance of the proposed model vs. others (TPR: True Positive Rate; TNR:
True Negative Rate).

Proposed Compact CNN [19] FC-CNN [18] SIF [27] Weibull [28]

Class TPR(TNR)

1 100(100) 100(98.8) 100(100) 98.9(100) 87.0(98.0)
2 100(100) 100(99.8) 100(97.3) 95.7(91.3) -
3 100(100) 100(96.3) 95.5(100) 98.5(100) 99.8(100)
4 100(100) 98.5(100) 100(98.7) - -
5 100(100) 100(100) 98.8(100) 98.2(100) 97.2(100)
6 100(100) 100(100) 100(99.5) 99.8(100) 94.9(100)
7 100(100) 100(100) - - -
8 100(100) 100(100) - - -
9 100(100) 100(99.9) - - -
10 100(100) 100(100) - - -Appl. Sci. 2020, 10, x FOR PEER REVIEW  9  of  11 
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4. Conclusions

We put forward an attention-based approach to improve textured surface anomaly detection.
A number of experiments demonstrate that our approach is quite insensitive to the imbalance of
positive and negative samples; meanwhile, 100% detection results can be achieved without false alarms
and missing detections on the original as well as the augmented DAGM 2007 dataset. Consequently,
it can be expected that the proposed model will be further applied in the practical industrial scenes
where the quantity of anomaly samples is usually limited. Finally, how to implement the quantitative
comparison for the segmentation result under weak supervised labels will be the focus of our next work.
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