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U-Net shows a remarkable performance and makes signi¯cant progress for segmentation task in

medical images. Despite the outstanding achievements, the common case of defect detection in
industrial scenes is still a challenging task, due to the noisy background, unpredictable environment,

varying shapes and sizes of the defects. Traditional U-Net may not be suitable for low-quality images

with low illumination and corruption, which are often presented in the practical collections in real-

world scenes. In this paper, we propose an attention U-Net with feature fusion module for combining
multi-scale features to detect the defects in noisy images automatically. Feature fusion module

contains convolution kernels of di®erent scales to capture shallow layer features and combine them

with the high-dimensional features. Meanwhile, attention gates are used to enhance the robustness

of skip connection between the feature maps. The proposed method is evaluated on two datasets.
The best precision rate and MIoU of defect detection are 95.6% and 92.5%. The best F-score of

concrete crack detection is 95.0%. Experimental results show that the proposed approach achieves

promising results in both datasets. It demonstrates that our approach consistently outperforms
other U-Net-based approaches for defect detection in low-quality images. Experimental results have

shown the possibility of developing a mixture system that can be deployed in many applications,

such as remote sensing image analysis, earthquake disaster situation assessment, and so on.

Keywords: U-Net; feature fusion module; attention gate; robust defect detection.

1. Introduction

In recent years, the metal industry rapidly rises around the world, and metal pro-

ducts are widely employed into all aspects of daily life and industrial manufacture.
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The requirements of personal user and enterprise consumer on the appearance of

metal products are increasingly stringent. If faulty products are not removed before

delivery, such stu®s may cause immeasurable damage to lives and properties of the

people. A conventional means of industrial inspection among assembly lines of

varying products is manual testing. Manual testing often requires the tester to verify

the products match with a expected example based on their individual's domain

expertise, which is clearly a time-consuming activity. As the variety of the goods and

the rising of the production, manual testing becomes an impossible task, every

change made, big or small, could a®ect the entire appearance of the products.

Encouraged by the strong demand of reducing the cost of social resources and im-

proving the e±ciency of industrial inspection, automatic defect detection becomes a

new topic in both industrial and academic research. A large number of alternative

approaches have been developed over the last decades to detect di®erent kinds of

surface defects.

This work is inspired by recent researches in the ¯eld of object detection. In order

to combine more shallow layer features and focus on target structures without

additional supervision, we proposed an attention U-Net with feature fusion mod-

ule (FFM) for robust defect detection. The proposed approach adds FFM to the skip

path for extracting shallow features, and suppress feature responses in irrelevant

background regions using attention gates. In order to validate the e®ectiveness of our

approach, exhaustive experiments on detecting the surface defects and concrete

cracks are performed successfully in two datasets. The rest of this paper is organized

as follows. Section 2 provides a brief overview of the related studies of defect

detection. Section 3 presents a detailed description of the proposed method. The

experimental results conducted on two datasets are reported in Sec. 4. The paper

ends with a conclusion in Sec. 5.

2. Related Work

In the past, defect detection relied on manpower inspection, not only the results were

unreliable, but also time consuming. Dangerous accidents may occur at any time,

and it is urgent to build a system to diagnose hidden troubles e®ectively. To reduce

unnecessary labor cost, researches on automatic defect detection are of great inter-

ests. Early researchers have focused on structural health monitoring. Chatzi et al.1

developed a robust computational tool for the detection of cracks. A ¯nite element-

based method was proposed by Teidj et al.,2 and it achieved a satisfactory perfor-

mance for big changes of crack depth ratio and low noise. Yeum et al.3 combined

image processing with sliding windows to detect cracks of bolts. In order to remove

the noise of images, fast gradient-teased algorithms4 was utilized to enhance the

detectability of the edges.

Deep learning techniques can learn required features automatically and are

applied to solve challenging tasks. Chen et al.5 proposed a framework for crack
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detection based on convolutional neural networks (CNN). Li et al.6 proposed an

approach for simultaneous concrete defect detection and geolocalization in di®erent

places. Cha et al.7,8 used CNN to extract features and detected defects of cracks and

loosened bolts. In order to achieve pixel-level detection and improve the accuracy,

Shelhamer et al.9 proposed fully convolutional networks (FCN) for image semantic

segmentation tasks. Yang et al.10 implemented FCN to address the problem that

conventional approaches were unable to identify and measure diverse cracks con-

currently. U-Net11 is a particular network architecture based on FCN. It has become

the dominant method in the present research ¯eld of medical image processing, by

achieving promising results with less training images. As a result, it motivated

researchers to study the improvement of U-Net in di®erent applications. Jin et al.12

integrated the deformation convolution into the U-Net to capture various shape and

scale information. Yuan et al.13 added a partially dense-connection to aggregate

informative feature maps which e®ectively promote the utilization of low-level

features together with high-level features. Zhang et al.14 fused the neighboring

di®erent scale feature maps by densely connection. Dolz et al.15 extended the U-Net

to utilize the multi-modal information and strengthen feature propagation by con-

necting each layer to following layers. Kolarik et al.16 extended the U-Net to 3D

Dense-U-Net for brain and spine segmentation. Qin et al.17 proposed a two-level

nested U-structure to capture textural information from both shallow and deep

layers. A novel recurrent U-Net architecture18 which encompasses several encoding

and decoding layers was introduced in resource-constrained segmentation tasks.

To reduce the model size and improve the speed, Constantin et al.19 proposed the

U-Net based on residual cell unit to reduce the parameters. Lian et al.20 proposed a

residual enhanced U-Net, which used the residual convolutions to accelerate network

convergence. Ding et al.21 proposed a light weight U-Net with few parameters and

designed a multi-scale network to learn the scale-relevant density maps. Song et al.22

proposed the DU-Net, which simpli¯es the structure of the U-Net to avoid over-

¯tting. In order to further emphasize the semantic information and boost the feature

representation, Oktay et al.23 utilized attention gates to focus on target structures of

varying shapes and sizes. Ni et al.24 designed the attention module to learn global

context for semantic segmentation of cataract surgical instruments. Abraham et al.25

proposed the attention U-Net with feature pyramid and deep supervised layers. Fu

et al.26 proposed a two-stage attention aware method for train bearing shed oil

inspection using spatial pyramid pooling.

3. The Proposed Method

3.1. The standard U-Net

The standard U-Net consists of a contracting path and an expanding path. Two

3� 3 convolution operations and one 2� 2 max-pooling layer with step of 2 pixels for
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down-sampling form the fundamental convolution unit for contracting path which

uses recti¯ed linear unit (ReLU) for activation. Expanding path consists of redu-

plicative fundamental deconvolution units. Each fundamental deconvolution unit

contains two 3� 3 convolution operations followed by a ReLU function and a 2� 2

convolution (up-convolution) for up-sampling. To ensure that the output image has

the same resolution as the input image, the size of the feature map is doubled and the

number of feature channels is halved in each up-sampling. Moreover, the concate-

nation operations are performed between the contracting path and expanding path.

The size of up-convolution operation output oup can be expressed as

oup ¼ s� ði� 1Þ þ k� 2� p: ð1Þ
Accordingly, the size of pooling operation output opo can be expressed as

opo ¼ ceil
iþ 2� p� k

s

� �� �
þ 1; ð2Þ

where ceil function returns the smallest integer greater than or equal to the given

value, i is the size of the input image, p is the parameter of padding setting, k is the

size of the convolution kernel, and s is the step size.

The distance between the truth value and the predicted value is calculated by the

binary cross-entropy loss function. The loss function can be calculated as

Loss ¼ � 1

n
X
n

i
ðyi logðŷiÞ � ð1� yiÞ logð1� ŷiÞÞ; ð3Þ

where yi is the expected value and ŷi is the predicted value. Adam optimizer is used

to accelerate the convergence speed. The update parameter �t can be de¯ned as

�t ¼ �t�1 � �� m̂t=ðv̂t þ "Þ; ð4Þ
where � is the initial learning rate, m̂t is the average value of the gradient, v̂t is the

standard deviation of the gradient, and " is an in¯nitesimal positive number to

ensure that the denominator is non-zero.

3.2. The attention U-Net with feature fusion module

Our proposed attention U-Net with feature fusion module (AU-FFM) is shown in

Fig. 1. In this architecture, FFM is added in the skip path to extract more shallow

layer features. On the other hand, in order to suppress the irrelevant areas of

background and concentrate on the foreground areas, we stack soft attention gates in

skip path at each level.

3.2.1. Feature fusion module

There are unexploited shape and texture information in the shallow layers. In order

to extract more shallow layer features and combine them into the deep layer features,

AU-FFM adds feature fusion module into the skip path. FFM is a residual structure
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that composed of a series of 3� 3 convolution operations and a 1� 1 convolution

operation, as shown in Fig. 2. The process of the FFM is described as follows: the

input of FFM is the combination of the basic feature maps of the fundamental

convolution unit and the up-sampled output from the subsize feature maps with

attention gate. Then, a series of convolution operations are conducted to interior

feature fusion. While, the depth-wise separable (1� 1) convolutions are used

for cross-channel feature fusion. Besides, batch normalization is used to reduce

parameters of networks. Therefore, these improvements of FFM can obtain better

generalization ability and reduce the calculation cost.

The convolution operations and short links in the FFM extract more shallow layer

features, and guarantee that extracted features contain not only semantic informa-

tion, but also the e®ective textural and location information. Semantic information

can be used to distinguish the defects from the background, and textural and location

Fig. 2. An example of the feature fusion module.

Fig. 1. The attention U-Net architecture with feature fusion module.
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information can accurately segment the defects from the background. Therefore, the

defects can be located to the corresponding position of the original image accurately.

3.2.2. Attention gate

We add attention gates (AG) in skip path at each scale to concatenate the down-

sampling features and up-sampling features. The structure of attention gate is il-

lustrated in Fig. 3. Input feature map xl is scaled with the attention coe±cient �.

The input feature map xl and gating vector gl
0
are utilized together for computing �.

The up-sampling operation of feature maps is achieved by bilinear interpolation. The

value range of attention coe±cient for each pixel i is �i 2 ½0; 1�. Attention coe±cients

are used to prune feature responses and identify salient image regions. Therefore,

only the activations associated with the particular target are retained. In the default

setting, a single scalar attention value is computed for each pixel vector xl of layer l.

In order to determine focus regions, gating vector g adds an additional branch. The

features gl
0
are obtained from the decoder layer l 0 and they are coarse features. These

coarse features are used for gating operation, to disambiguate the noisy information

and uncorrelated e®ects. xl and gl
0
provide local and contextual information, and are

fused for computing attention coe±cients.

First, the 1� 1 convolution operation is performed on the gating vector gl
0
, while

the 2� 2 convolution operation is performed on the input feature map xl of layer l,

parameterized by W T
x and W T

g , respectively. g
l 0 has the same size as xl. To obtain

the intermediate feature maps, the gl
0
and the processed xl are added in element-

wise. the ReLU function is performed to transform the intermediate feature maps

nonlinearly. Then, the 1� 1 convolution is used to perform linear transformation,

and the sigmoid activation function is utilized to normalize the attention coe±cients.

AGs calculate attention coe±cients � l
i 2 ½0; 1� for each pixel i of layer l, it is for-

mulated as follows:

� l
i ¼ �2ð�T ð�1ðW T

x x
l
i þW T

g g
l 0
i þ bgl 0 ÞÞ þ b�Þ; ð5Þ

where b denotes the bias and � denotes the linear transformations. The attention

coe±cient � 0
l is used to scale the input xl of layer l, it can be expressed as

x̂ l
i ¼ � l

i � xl
i: ð6Þ

Fig. 3. The structure of attention gate in our proposed architecture.
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Lastly, the output feature maps x̂ l
i are concatenated with corresponding up-sam-

pling feature maps in the decoder. AGs parameters can be trained with the standard

backward propagation. The update rule for AGs in layers can be expressed as

@ðx̂ l
iÞ

@ð� l�1Þ ¼ �i

@ðfðxl�1
i ; � l�1ÞÞ

@ð� l�1Þ þ @ð�iÞ
@ð� l�1Þ x

l
i; ð7Þ

where � denotes the convolutional parameters need to be updated, and the initial-

ized gradient item is scaled with �i.

The AGs are incorporated into the proposed architecture to highlight notable

features that are passed through the skip path. The AGs extract coarse scale in-

formation and use them to disambiguate noisy and irrelevant responses. Stacking

AGs in skip path at multiple scales aggregate more context information and make

better segmentation performance.

4. Experimental Results

This section describes the experiments, including datasets, hardware con¯guration,

optimization methods, parameters, etc. We employ two datasets to evaluate the

proposed method. The proposed methods in this paper are all performed on a

workstation with i7-8700k CPU @ 3.7GHz, 32GB RAM and an NVIDIA GTX1080

GPU with 8 GB memory. The code is based on the PyTorch framework.

4.1. Datasets

We used concrete crack dataset27 and our SUES-Washer dataset to evaluate the

performance of our methods. Concrete crack dataset includes 57 images as train set

and 24 images as test set. Totally, 84 images are taken at di®erent places of the

Huazhong University of Science and Technology Campus. Each image is manually

labeled with a crack location, and the resolution of each image is 512 � 512. SUES-

Washer dataset contains 400 images for training the models and 100 images for

testing the models. In order to improve the generalization capacity of the model, we

adopted the mix-up method28 to augment the dataset, and ¯nally augmented the

training dataset to 800 and 1,200 images. The examples of data augmentation are

shown in Fig. 4.

4.2. Optimization and parameters

In order to speed up the training and adjust the learning rate, Adam algorithm is

used to optimize the model. The learning rate of the Adam is set to 0.0001, the

exponential decay rate of the ¯rst moment estimate is set to 0.9, and the exponential
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decay rate of the second moment is 0.999. The main parameter settings of the

networks are shown in Table 1. The comparison of the loss change between standard

U-Net and the proposed method is shown in Fig. 5. Compared with the standard U-

Net, it is noted that our method has a faster convergence speed and lower loss in

training phase.

4.3. Evaluation metrics

In this paper, the performance of the di®erent methods is objectively evaluated by

the mean intersection over union (MIoU), precision (P), recall (R) and F-score (F).

Fig. 5. The comparison of the loss changes between standard U-Net and the proposed method.

Fig. 4. Examples of data augmentation on SUES-Washer dataset. (a) and (b) are original images, while
(c) and (d) are generated images.

Table 1. The details of parameters

settings of training.

Parameter Value

Loss Cross Entropy Loss

Epoch 1,500

Optimizer Adam

Momentum 0.9
Learning Rate 0.0001
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These evaluation metrics are widely used in the ¯eld of image segmentation.

The MIoU, precision (P), recall (R) and F-score (F) are de¯ned as follows:

MIoU ¼ 1

kþ 1
X
k

i¼0

TP

FNþ FPþ TP
; ð8Þ

P ¼ TP

TPþ FP
; ð9Þ

R ¼ TP

TPþ FN
; ð10Þ

F ¼ 2� P � R

P þ R
; ð11Þ

where k is the number of classes, TP is the number of true positive samples, FP is the

number of false negative samples and FN is the number of false negative samples.

4.4. Experiments and analysis

First, we compare the performance of our proposed method with other exsiting

approaches. In order to validate the robustness of our proposed method, standard

Gaussian noise and salt & pepper noise are added into test samples of SUES-Washer

dataset, respectively. We test the performance of U-Net, DU-Net (DU),22 U-Netþ
FFM (U-FFM), Attention U-Net (AU-Net) and attention U-Net with feature fusion

module (AU-FFM) on SUES-Washer dataset with 400/800/1,200 training images.

In the experiments using 400 training images (as shown in Table 2), our best

precision and mean intersection over union (MIoU) reaches 95.61% and 92.51%,

respectively, which outperforms others. Compared with original U-Net, it can be

seen that FFM is contributed to better performance (up to 3.42% and 2.51%).

Table 2. The performance comparison of di®erent methods on

SUES-Washer dataset with 400 training images.

Dataset Method Precision MIoU

Original U-Net 0.8958 0.8562
DU-Net 0.9001 0.8672

U-FFM 0.9300 0.8813

AU-Net 0.9407 0.9111

AU-FFM (ours) 0.9561 0.9251

With Gaussian noise U-Net 0.8436 0.8096

DU-Net 0.8556 0.8203

U-FFM 0.9110 0.8897
AU-Net 0.9289 0.9012

AU-FFM (ours) 0.9314 0.9193

With salt & pepper noise U-Net 0.7939 0.7787

DU-Net 0.8052 0.7801

U-FFM 0.9486 0.8982

AU-Net 0.9292 0.8673
AU-FFM (ours) 0.9518 0.9186
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Meanwhile, with the help of attention gate, the precision and MIoU are up to 4.49%

and 5.47%. The results validate the discriminability of attention gate and feature

fusion module.

In the experiments using 800 training images (as shown in Table 3), our best

precision and MIoU reaches 96.23% and 92.74%, respectively. Compared with

standard U-Net, AU-FFM improves the precision and MIoU up to 5.36% and 6.60%.

Similar results are also obtained in the experiments using 1,200 training

images (as shown in Table 4), our best precision and MIoU reaches 96.95% and

Table 3. The performance comparison of di®erent methods on

SUES-Washer dataset with 800 training images.

Dataset Method Precision MIoU

Original U-Net 0.9087 0.8614

DU-Net 0.9127 0.8802

U-FFM 0.9481 0.9154

AU-Net 0.9457 0.9110
AU-FFM (ours) 0.9623 0.9274

With Gaussian noise U-Net 0.8834 0.8141
DU-Net 0.8956 0.8232

U-FFM 0.9409 0.9175

AU-Net 0.9306 0.8933

AU-FFM (ours) 0.9591 0.9194

With salt & pepper noise U-Net 0.8129 0.7942

DU-Net 0.8265 0.8052

U-FFM 0.9563 0.8986
AU-Net 0.9401 0.8990

AU-FFM (ours) 0.9463 0.9122

Table 4. The performance comparison of di®erent methods on

SUES-Washer dataset with 1,200 training images.

Dataset Method Precision MIoU

Original U-Net 0.9112 0.8670
DU-Net 0.9223 0.8765

U-FFM 0.9518 0.9148

AU-Net 0.9609 0.9198

AU-FFM (ours) 0.9695 0.9330

With Gaussian noise U-Net 0.8979 0.8655

DU-Net 0.9021 0.8802

U-FFM 0.9518 0.9199
AU-Net 0.9535 0.9149

AU-FFM (ours) 0.9620 0.9246

With salt & pepper noise U-Net 0.8598 0.8035

DU-Net 0.8621 0.8202

U-FFM 0.9575 0.8977

AU-Net 0.9305 0.8871
AU-FFM (ours) 0.9732 0.9019
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93.30%, respectively. The results reveal the data augmentation by a mixture of

standard samples and typical noises is contributed to stability of the all methods

with hierarchical networks. Nevertheless, with the increasing amount of augment

samples, the improvements of di®erent networks are decreasing gradually.

As shown in Tables 2–4, no matter how many images are used for training, the

results always represented that the U-Net is greatly a®ected by noise and has poor

robustness. The loss of shallow layer features leads to the decrease of U-Net accuracy.

DU-Net avoids over-¯tting and improves the precision and MIoU, but it also loses

the texture features and its also greatly a®ected by noise. FFM extracts more shallow

layer features and combines them with the up-sampling feature map. So that FFM

helps U-Net to locate the defect edge more accurately. AG is highly bene¯cial to

defect localization and identi¯cation. Experimental results demonstrate that the

proposed method (AU-FFM) has higher accuracy and MIoU, and signi¯cantly

improves the detection performance in low-quality images.

The detection results of the U-Net, DU-Net and AU-FFM (ours) on the images

with normal illumination from SUES-Washer dataset are shown in Fig. 6. With

normal illumination, all three methods detect the defects successfully. But U-Net and

DU-Net without enough local features cannot locate the defects accurately. FFM

Fig. 6. Detection results on the images with normal illumination from SUES-Washer dataset: (a)
Original images, (b) AU-FFM (ours), (c) DU-Net and (d) U-Net.
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extracts more shallow layer features and combines them with the up-sampling fea-

ture maps. Thus, our proposed method achieves a better results. Figure 7 shows the

detection results of the U-Net, DU-Net and AU-FFM on the images with low illu-

mination from SUES-Washer dataset. The results show that AU-FFM has the best

performance with insu±cient lighting conditions. It is also demonstrated that the

proposed method (AU-FFM) has great robustness in low-quality conditions.

To further test the applicability of our proposed AU-FFM, we evaluate it on

concrete crack dataset.27 In particular, concrete crack detection is a di±cult task due

to shape-variability and background contrast. AU-FFM is compared with Liu's

method27 in terms of precision, recall and F-score. The results are shown in Table 5.

The precision, recall and F-score of our methods are improved by 3%, 5% and 5%,

Fig. 7. Detection results on the images with low illumination from SUES-Washer dataset: (a) Original

images, (b) AU-FFM (ours), (c) DU-Net and (d) U-Net.

Table 5. Comparisons of U-Net and AU-FFM
(ours) on concrete crack dataset.

Methods Precision Recall F-score

Liu et al.27 90% 91% 90%

AU-FFM (ours) 93% 96% 95%

Y.-J. Xiong et al.
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respectively. The results of the two methods with di®erent background are shown in

Figs. 8 and 9. It can be found that U-Net is greatly a®ected by noises. But on the

other hand, AU-FFM still shows good performance with noise and rough background

for detecting concrete cracks.

Fig. 8. Detection results of concrete cracks under simple background, (a) Original images (b) U-Net (c)

AU-FFM.

Fig. 9. Detection results of concrete cracks under complex background: (a) Original images, (b) U-Net

and (c) AU-FFM.
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5. Conclusion and Discussion

In this paper, we presented a novel attention U-Net with feature fusion module

for robust defect detection. Our approach focuses on target structures without

additional supervision and combines more shallow layer features. FFM is added in

the skip path to extract more shallow layer features. In order to help our model to

suppress the irrelevant areas of background and concentrate on the target areas, we

stack soft attention gates in skip path at each scale. The proposed architecture is

robust to the di®erent variations in defect size, texture and shape, which represents

its ability in detecting the noise images. Experimental results show that the proposed

method is highly bene¯cial for defect task. For future work, we will attempt to

achieve higher detection accuracy and reduce the detection time. The proposed

methods will also be further evaluated in di®erent applications such as sensing image

analysis, earthquake disaster situation assessment, and so on.
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