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Abstract: In order to solve the problems of shallow features loss 
and high computation cost of U-Net, we propose a lightweight 
with shallow features combination (IU-Net). IU-Net adds several 
convolution layers and short links to the skip path to extract more 
shallow features. At the same time, the original convolution is 
replaced by the depth-wise separable convolution to reduce the 
calculation cost and the number of parameters. IU-Net is applied 
to detecting small metal industrial products defects. It is evaluated 
on our own SUES-Washer dataset to verify the effectiveness. Ex-
perimental results demonstrate that our proposed method outper-
forms the original U-Net, and it has 1.73%, 2.08% and 11.2% 
improvement in the intersection over union, accuracy, and detec-
tion time, respectively, which satisfies the requirements of indus-
trial detection. 
Key words: U-Net; depth-wise separable convolution; shallow 
features combination; defect detection 
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0  Introduction 

Small metal industrial products are widely used in 
engineering fields such as ship, machinery, and automo-
bile manufacturing. In the production process, due to the 
influence of the production environment, various types 
of defects are generated on the surface of the small metal 
industrial products, such as edge cracking, oxidation, 
holes, and scratches. These defects have a great impact 
on the appearance and performance of the products, so it 
is important to detect the surface defects effectively.  

At present, surface defect detection is performed 
mainly by deep learning methods based on convolutional 
neural network (CNN). For example, CNN has been 
successfully applied to polishing metal shaft surface de-
fect detection, gear surface defect detection, wood sur-
face defect detection and solar cells surface defect detec-
tion[1-5], etc. Cha et al [6] detected defects by combining 
CNN with the sliding window technology. CNN can only 
find the massive defects, but cannot completely detect 
the weak defects. Long et al [7] proposed fully convolu-
tional neural network (FCN), which changes the fully 
connection layer of CNN into the convolutional layers. 
FCN classifies each pixel to realize semantic segmenta-
tion. However, FCN does not consider the correlation 
between pixels. The image details are easily lost after 
segmentation, which reduces the detection accuracy. 
Badrinarayanan et al [8] proposed SegNet to realize 
boundary segmentation by pooling index. SegNet can 
accurately detect large-size objects. However, neighbor-
ing information is ignored in the process of de-pooling, 
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so it is impossible to accurately detect small defects. 
Chen et al [9-11] proposed a series of Deeplab networks, 
which use atrous convolutions to increase the size of re-
ceptive field. However, the use of atrous convolutions 
might lead to the loss of local details, which makes it 
impossible to accurately locate defects. Hu et al [12] pro-
posed ACNet, which uses attention assistant module to 
segment images. ACNet can be used for semantic seg-
mentation of indoor scene images with uneven bright-
ness, but it is complicated and cannot satisfy real-time 
requirement. Olaf et al [13] proposed the U-Net architec-
ture, which can use the encoder and decoder structure to 
segment small objects and retain location information. In 
recent years, U-Net has also been successfully applied to 
road detection [14-17], water body extraction [18], identifi-
cation of ore minerals [19] and other fields. However, the 
feature extraction of U-Net mainly extracts the semantic 
features in the deep layer of the image, while the shallow 
layer texture information is lost. The loss of shallow 
layer features reduces the accuracy of segmentation and 
affects the final detection results. Moreover, the U-Net 
has many parameters and high calculation cost, so that 
the U-Net cannot satisfy the real-time requirement. In 
order to solve the above problems, we propose the 
IU-Net. IU-Net uses depth-wise separable convolution to 
reduce the number of parameters. At the same time, 
IU-Net adds several convolution layers to the skip path 
to combine more shallow layer features. And we use the 
IU-Net to detect the surface defects of small metal in-
dustrial products successfully. 

The rest of this paper is organized as follows. Sec-
tion 1 provides a detailed description of the IU-Net ar-
chitecture. Section 2 gives the experiment and the re-
sults, including the dataset and the implementation de-
tails of the experiment. The paper ends with a conclusion 
of the major findings in Section 3. 

1  IU-Net  

1.1  The Original U-Net Architecture 

The U-Net consists of a contracting path (Encoder) 
for feature extraction and an expanding path (Decoder) 
for precise positioning. Encoder consists of repeated ap-
plication of two 3×3 convolution operations, each fol-
lowed by a rectified linear unit (ReLU) for activation. 
ReLU function can be expressed as: 

( ) max (0, )f x x                   (1) 

where x  is the input value and ( )f x  is the output 

value. After the ReLU layer, the 2×2 max-pooling layer 
with step size of 2 is used for down-sampling. In order to 
reduce the loss of features in the down-sampling process, 
the number of feature channels is doubled in each 
down-sampling process. 

Decoder consists of repeated application of two 3×3 
convolution operations, a concatenation with the corre-
spondingly cropped feature map from the encoder and a 
rectified linear unit for activation. After the ReLU layer, 
the 2×2 convolution (“up-convolution”) is used for 
up-sampling. The size of the feature map is doubled and 
the number of feature channels is halved in each 
up-sampling.  

The decoder enlarges the size of the feature maps to 
ensure that the output image has the same resolution as 
the input image. The pooling process can be expressed 
as: 

2
ceil[( )]+1

i p k
o

s

              (2) 

where o is the size of the output image, ceil is the return 
of the smallest integer, 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.  

Accordingly, de-convolution operation can be ex-
pressed as: 

( 1) 2o s i k p                 (3) 

Pooling and de-convolution operation are opposite. 
The pooling operation of the encoder reduces the resolu-
tion of the image, while de-convolution operation im-
proves the resolution to restore the image size. 

The distance between the expected value and the 
predicted value is calculated by the binary cross-entropy 
loss function. The loss function can be calculated as: 

1
ˆ ˆLoss ( log ( ) (1 ) log (1 ))

n

i i i i
i

y y y y
n

        (4) 

where 
iy  is the expected value and ˆiy  is the predicted 

value. Adam optimizer is used to accelerate the conver-
gence speed. The step size update function can be de-
fined as: 

1 ˆ ˆ/( )t t t tθ θ α× m v ε              (5) 

where α  is the initial learning rate, ˆ tm  is the average 
value of the gradient, 

t̂v  is the variance of the gradient, 
and ε  is an infinitesimal positive number to ensure that 
the denominator is non-zero. 
1.2  The Improved U-Net Architecture 

IU-Net architecture is shown in Fig. 1. Convolution 
operation is added in the skip path to extract more shal-
low layer features. Normal convolution is replaced by 
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depth-wise separable convolution, and batch normaliza-
tion (BN) layers are added to reduce parameters. Those 
changes reduce the calculation cost and improve the 

network generalization capability. To keep the dimen-
sions of the input and the output images consistent, a 
padding layer is added to each convolution layer. 

 

 

Fig. 1  IU-Net architecture 
 

In the U-Net, there is a simple crop and copy opera-
tion to combine more information. The location and 
other information of the shallow layers are combined 
into the high-dimensional feature maps. However, due to 
the high complexity of the defect pictures, this simple 
concatenating operation leads to the loss of shallow layer 
features. The lost features are rich in texture and location 
information. Therefore, only the central part of the de-
fects can be extracted. It is impossible to segment defects 
from the background accurately. 

In order to combine the shallow layer features into 
the deep feature maps better, IU-Net adds the convolu-
tion operations and short links into the skip path. The 
output of node ,i jX  is represented by ,i jx , where i is 
the down-sampling layer, and j is the convolution layer 
added in the skip path. Then the output feature map can 
be expressed as: 

1,

,
1 1, 1,
0

( ), 0

([ , ( )]), 0[ ]

i j

i j
j i ji k
k

H x j
x

H U x jx



  


  
 ∨

      (6) 

where ( )H   is the convolution operation after the acti-
vation function, ( )U   is the up-sampling layer, ][·  
represents the concatenation layer. 

The visualization of the feature map of each layer in 
the down-sampling process is shown in Fig. 2. The shal-
low layer features are extracted through the convolution 
operation. The extracted shallow layer features are com-
bined with the high-dimensional features to make up for 
the semantic gap between the feature maps of encoder 
and decoder. The skip path allows high-dimensional fea-
ture maps to be combined with more shallow layer fea-
tures. And it ensures that the extracted features contain 
not only semantic information that can distinguish the 
defects from the background, but also effective texture 
features and location information that can accurately 
segment the scratches from the background. Therefore, 
the defects can be accurately located to the correspond-
ing position of the original pictures. 

  
Fig. 2  Visualization of down-sampling feature map 
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In order to reduce the network parameters and cal-
culation cost, and improve the generalization capability 
of the network, the depth-wise separable convolution is 
applied to IU-Net. The ordinary convolution is divided 
into the depth-wise convolution and a 1×1 point convo-
lution, followed by the BN layer. Normal convolution 
operates on all input channels simultaneously. For each 
additional feature to be extracted, a convolution kernel 
must be added. The depth-wise separable convolution 
operates on different input channels respectively, and 
extracts the spatial characteristics of each input channel. 
Then the feature of each point is extracted by 1×1 con-
volution operation. If more features need to be extracted, 
only more 1×1 convolutions need to be designed. The 
ordinary convolution calculation cost is: 

1 K K F FC D D M N D D                (7) 

The total computing cost of the depth-wise separa-
ble convolution is: 

2 K K F F F FC D D M D D M N D D            (8) 

where 1C  represents the ordinary convolution calcula-
tion cost, 2C  represents the depth-wise separable con-
volution cost, DK KD   represents the size of the con-
volution kernel, F FD D  represents the size of the fea-
ture map, M represents the number of input channels, 
and N represents the number of output channels. 

Their ratio is: 

K K F F F F
2

K K F F K

D D M D D M N D D 1 1

D D N M D D N D

         
    

 

(9) 
In order to prevent the disappearance of the gradi-

ent, BN layer and ReLU activation function are added 
after each depth-wise convolution and point convolution 
respectively, as shown in Fig. 3.   

  
Fig. 3  Depth-wise separable convolution structure 

 

The BN layer normalizes the output of the previous 
layer, speeds up the training speed and prevents gradient 
explosion. When the convolution layer outputs m feature 
maps of p q , the BN layer firstly calculates the mean 
value Bμ  of all pixel points in the feature maps, Bμ  
is calculated as: 

=1

1 M

B i
i

μ x
M

                  (10) 

where ×M m p q   and ix  is the pixel point. And 

then the variance 2
Bσ  of all points is calculated as: 

2 2

=1

1
( )

M

B i B
i

σ x μ
M

              (11) 

Then the normalization operation as follow is car-
ried out: 

i B
i 2

B

x μ
x

σ ε






                (12) 

where ε  is an infinitesimal positive number. 
Finally, the normalized data is reconstructed as fol-

lows: 

i iy γx β                   (13) 

where γ  is the scale factor and β  is the offset factor.  
The BN layer normalizes the output of the previous 

layer, which further speeds up the training speed and 
reduces the difficulty of parameter optimization. 

2  Experiment 

2.1  Experimental Environment and Parameter  
The proposed methods are all performed on a work-

station with i7-8700k CPU @ 3.6 GHz, 128GB RAM 
and an NVIDIA GTX1080 GPU with 8GB GPU memory. 
The code is implemented with PyTorch. 

In this paper, Adam algorithm is used to optimize 
the model. Adam algorithm combines the Momentum 
algorithm and the RMSprop algorithm. It adaptively ad-
justs the learning rate and tremendously speeds up the 
training. The learning rate of the Adam algorithm is set 
to 0.000 1, the exponential decay rate of the first moment 
estimate is set to 0.9, and the exponential decay rate of 
the second moment estimate is 0.999. Batch size is the 
number of random samples per training step. An epoch 
refers to one full iteration of the training set. The main 
parameter settings of the networks are shown in Table 1. 
 

Table 1  Parameters settings of training 
 

Parameter Value 

Loss Cross Entropy Loss 

Batch size 2 

Epoch 1 100 

Optimizer Adam 

Momentum 0.9 

Learning rate 0.000 1 
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2.2  Dataset 
We used our own SUES-Washer dataset to train and 

validate our models. Totally 500 defects images of metal 
washers (including 300 images for training the model 
and 200 for testing the model) were taken in the factory 
with a resolution of 1 280×1 024. In order to ensure bet-
ter generalization of the trained models, these images 
were taken from different conditions. Each image is 

manually labeled with the defects for the training and 
verification process. 

In order to improve the generalization capacity of 
the model, we adopted the mix-up method [20] to augment 
the dataset, and finally augmented the training dataset to 
500 images. 

The examples of data augmentation are shown in 
Fig. 4. 
 

 

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

 
2.3  Evaluation Criteria  

In this paper, the performance of IU-Net is objec-
tively evaluated by the mean intersection over union 
(MIoU) and the accuracy of detection. These two evalua-
tion criteria are common in the field of image segmenta-
tion. MIoU can be expressed as: 

0

1 TP
MIoU

1 FN FP TP

k

ik 


            (14) 

where k is the number of classification, TP is true posi-
tive, FN is false negative and FP is false negative. 

Accuracy can be defined as: 

Correct

Sum

Acc
N

N
                 (15) 

where SumN  is the total number of samples, and CorrectN  

is the number of samples segmented accurately. 
2.4  Experiment and Analysis 

IU-Net changes 3×3 ordinary convolution into 
depth-wise separable convolution. Table 2 shows the 
comparison between IU-Net and U-Net in the number of 
parameters and average time consumption of detecting a 
picture. The application of depth-wise separable convolu-
tion greatly reduces the number of parameters, reduces the 
calculation cost and improves the detection efficiency. 

 
Table 2  Comparison between IU-Net and U-Net 

 

Network Number of parameters Time / ms 

IU-NET 3 061 680 717 

U-Net[13] 3 836 213 807 
  

The comparison networks in the experiment are the 
popular semantic segmentation network FCN8S [7] and 
SegNet [8]. The mean value of test results is shown in 
Table 3, and the accuracy and MIoU of the four network 
training processes are shown in Fig. 5. The accuracy of 
IU-Net is higher than that of other networks. Compared 
with the original U-Net, the accuracy is improved by 
2.08% and MIoU by 1.73%. The IU-Net can detect sur-
face defects more accurately. 
 

Table 3  Comparison of evaluation criteria 
%  

Method Accuracy MIoU  

FCN8S[7] 90.46 83.60 

SegNet[8] 86.21 71.77 

U-Net[13] 93.76 90.60 

IU-Net 95.84 92.33 
  

 

In order to verify the robustness of the IU-Net in the 
metal washer defect detection, four models are used to 
detect the defects. The IU-Net, original U-Net [13], 
FCN8S [7] and SegNet [8] are used to detect the defects 
images respectively, and the detection results are shown 
in Fig. 6. It can be seen intuitively from the figure that 
IU-Net can detect the edges of the defects accurately, and 
the defects can be precisely located to the corresponding 
position of the original pictures. However, the original 
U-Net is easy to make defects incomplete, which results 
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in much error detection, and error detection is difficult to 
remove by morphological operation. FCN8S and SegNet 
are not accurate in the location of defects and result in 

much error detection. Moreover, it can be seen from  
Fig. 6 (5) (d) and (5) (e) that, FCN8S and SegNet fail to 
detect the defects. 

 

  
Fig. 5  The comparison of training accuracy (a) and MIoU (b) 

 

 
 

Fig. 6  Detection results 

(a) Original pictures; (b) Our method; (c) U-Net; (d) FCN8S; (e) SegNet 
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In order to further verify the effectiveness of IU-Net 
in defect detection, 10 groups of four networks detection 
results are selected for the test, and the defects length is 
measured by the minimum rotating rectangle method. 
The error analysis is shown in Table 4. It can be seen 
from the results that the shape and size of defects ob-
tained by the IU-Net are basically consistent with the 
ground truth. The maximum error is 1.32 mm, which 
satisfies the requirements of industrial detection. 
 

Table 4  Measurement error comparison 
mm  

Method Maximum error Average error

FCN8S[7] 1.66 0.68 

SegNet[8] 1.72 0.70 

U-Net[13] 1.56 0.62 

IU-Net 1.32 0.53 
  

 

3  Conclusion 

According to the features of the small metal indus-
trial products, a novel defect detection method of IU-Net 
is proposed and tested. The major findings of this paper 
can be concluded as follows. 

We propose a lightweight improved U-Net with 
shallow features combination. In the IU-Net, ordinary 
convolution is changed into depth-wise separable con-
volution to reduce the number of parameters and calcula-
tion cost. The convolution layer is added to the skip path 
to combine more shallow layer features to prevent the 
loss of defects details. And IU-Net is used to detect the 
surface defects of small metal industrial products. The 
results of the experiment show that IU-Net proposed in 
this paper can be used to detect the defects accurately, 
which satisfies the requirements of industrial detection. 
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