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Abstract. Due to the lack of feature expression ability 
of traditional image processing methods, it is difficult 
to identify small defects such as foreign bodies and 
scratches on the surface of tablets. Aiming at this 
problem, this paper proposes the use of a deep 
learning method fused with attention mechanism to 
realize the defect detection of tablets. Improve the 
recognition effect of deep learning network by 
introducing Convolutional Block Attention 
Module(CBAM).In order to further reduce the 
complexity of the model and improve the detection 
accuracy, this paper improves the original CBAM 
module. Firstly, it is proposed to use one dimensional 
convolution instead of the fully connected layer in the 
CBAM channel attention module to capture channel 
attention information; Secondly, in order to improve 
the ability of the attention module to extract features 
of different proportions of defects, the use of 
multiscale dilated convolution is proposed. Instead of 
the 7×7 convolution in the original CBAM spatial 
attention module, it aggregates multiscale spatial 
information while reducing model parameters. 
Experimental results show that compared with the 
original CBAM module, the improved visual 
attention module can more effectively improve the 
ability of network feature extraction and meet the 
real-time requirements. 
 
Keywords: Defect detection; Deep learning; Deep 
residual network; Attentional mechanism 
 
 

1.   INTRODUCTION  
Aluminum-plastic blister packing for tablets is one of the 
most widely used packaging methods by pharmaceutical 
manufacturers in recent years. However, due to the 
influence of various factors such as production 
environment and equipment, when the tablets are packed 
and sealed by the aluminum-plastic machine, there will 
be problems such as empty grain, damage, surface stains 
and so on. It is necessary to screen the tablets after plastic 
sealing to ensure the quality of drugs. 
In view of the defects existing in pills, we can identify 
the defective pills through the defect detection method of 
machine vision. The traditional feature extraction and 
classification algorithm can deal with obvious defect 

types such as cavitation, damage and pressure bubbles 
well, but it cannot play its role for small defects with 
insignificant features such as dirty spots and white spots 
on tablets. In recent years, with the further development 
of artificial intelligence technology and the rapid 
development of machine learning, convolutional neural 
network has been widely used in the field of computer 
vision, especially in the field of image classification has 
achieved breakthrough success. Using convolutional 
neural network to detect the surface defects of tablets can 
effectively improve the detection effect. 
Considering the convolutional neural network, with the 
deepening of network layers, the extracted features will 
become more and more abstract, and more detailed 
information will be lost. In order to ensure the accurate 
identification of tiny defects, this paper proposed to 
introduce the CBAM attention module into the defect 
detection of tablets. And on the basis of original CBAM 
attention module, to improve it, put forward a more 
lightweight and efficient improved CBAM module[1]. 
Finally, the improved CBAM attention module was 
embedded into Resnet18 to realize the classification of 
blister pill with high accuracy, low mistake rate and low 
leak rate. 
The rest of this paper is organized as follows: Section 2 
and Section 3 introduce the concept of ResNet and 
CBAM respectively. Section 4 introduces the improved 
ResNet-CBAM. Section 5 shows experimental results 
Finally, some conclusions are described in section 6. 

2.  RESIDUAL NETWORKS (RESNET) 

2.1. Review of ResNet 
Image classification is a basic task in computer vision 
research. Convolutional Neural  Networks (CNN), as a 
branch of deep neural Networks, has made a 
breakthrough in image classification .It is also widely 
used in target detection, image recognition, natural 
language processing and other fields[2] .  
The depth of the neural network is critical to the 
performance of the model. With more nonlinear layers in 
the network, more abstract semantic information can be 
extracted. Theoretically, the model will have better 
performance . However, actual research found that with 
the increase of network layers, the learning ability of 
neural network could not be further improved. Network 
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degradation can occur and even degrade the performance 
of the network in some scenarios. 
In addition, as the number of layers increases, the 
network is prone to the problem of gradient 
disappearance. Especially when Sigmoid is used as the 
activation function, the gradient cannot be effectively 
transferred to the network layer far away from the output, 
so the network cannot effectively learn parameters [3]. In 
order to improve these problems, researchers have made 
a lot of attempts and innovations, in addition to the 
selection of appropriate activation function, but also to 
make some adjustments to the network structure. The 
most effective one was Deep Residual Network (ResNet). 
ResNet was a new network model proposed by 
Kaiming ,He et al. of Microsoft Research[4]. Through 
the use of Residual structure, the neural Network of 152 
layers was successfully trained, and won the champion in 
ILSVRC2015 competition, the error rate in the top5 was 
3.57%, which refreshed the history of CNN model in 
ImageNet. ResNet residual structure is shown in Fig. 1: 

 

Let x be the input of neural network and H(x) be the 
nonlinear objective function of network fitting. If the 
model directly learns the fitting function H(x), then the 
optimization is more difficult. By changing the learning 
objective of the model, instead of learning the original 
mapping H(x), the network learns the difference between 
the original mapping and the input, that is, the residual 
mapping: F (x) = H(x) − x, then the original basic 
mapping can be rewritten as H(x) = F(x) + x. This method 
of optimizing residual mapping is easier than that of 
optimizing original mapping. Residual blocks allow the 
original input information to be introduced directly into 
the later network layer by adding a direct connection 
channel in the network. In this way, the "clear" data 
containing richer information can be fused with the 
"lossy compression" data after the convolution layer to 
act on the subsequent network layer together. 
A large number of experiments have proved that the 
residual learning method is easier to optimize than the 
original direct mapping. x and F(x) respectively represent 
two paths in the residual block. One is the solid line part 
of the output directly connected by the input skipping the 
fixed network layer in Fig.1, which is also called shortcut 
connections. The other is the residual path of the input 
convolution operation to extract features. Finally, the 
features on the two paths are added together to get the 
final output of the residual block. F (x,𝑊𝑊𝑖𝑖) is generally 
used to represent the residual mapping, then the output of 
the residual block is as shown in (1): 
 

                               y = F (x,𝑊𝑊𝑖𝑖) + x (1) 
 
If the number of channels of output and input is not equal, 
then a linear projection mapping of input is made, as 
shown in (2). 
 

y = F (x,𝑊𝑊𝑖𝑖) +𝑊𝑊𝑠𝑠 x (2) 
 
In practical application, ResNet optimizes the residual 
blocks to take into account the computational cost, and 
the residual structures are different for different network 
depths. Fig.2 shows two residual structures, the figure on 
the left is ResNet18 and ResNet34 residual block 
schematic; The figure on the right shows that two 3 × 3 
convolution layers are replaced by 1 × 1, 3 × 3 and 1 × 1 
structures, which are mainly used to reduce model 
complexity and parameter calculation while ensuring 
accuracy. It is commonly used in ResNet50, ResNet101 
and ResNet152 models. 

 

The residuals unit creatively uses the identity mapping 
mechanism to establish a direct correlation channel 
between the input and output of the module, so that the 
powerful parametric convolution layer can focus on 
learning the residuals between the input and output.  

3. CBAM 
The attention mechanism in deep learning is a processing 
mechanism that can learn autonomously and selectively 
pay attention to important features. The attention model 
enables the network to allocate more computing 
resources to more important feature information[5]. 
Convolutional Block Attention Module (CBAM) is a 
simple and effective Attention Module proposed by Woo 
et al. which can simultaneously extract the characteristics 
of channel and spatial dimensions[6]. The framework of 
the CBAM module is shown in Fig.3. The channel 
attention module and spatial attention module are serially 
connected between the input and output of CBAM 
structure. Both modules use global maximum pooling 
and global average pooling to extract richer global and 
local semantic information. For the feature map 
generated by the convolutional network, CBAM first 
calculates its channel attention template from the channel 
dimension, and then multiplicates the channel attention 
template with the original feature image to recalibrate the 
channel weight of the original feature image. Then, the 
feature map that has extracted the channel attention is 
input into the spatial attention module, so that the 

 

Fig. 1  ResNet residual structure. 
 

 

Fig. 2  Specific residual structure. 
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network adaptively learns the importance of different 
pixel positions in the same channel, and finally obtains 
the filtered salient features. 

 

The "Attention" process of CBAM model can be described 
by (3) and (4) : 
 

  𝐹𝐹′ = 𝑀𝑀𝑐𝑐(𝐹𝐹) ⊗  𝐹𝐹 (3) 
 

  𝐹𝐹′′ = 𝑀𝑀𝑠𝑠(𝐹𝐹) ⊗  𝐹𝐹 (4) 
 

Among them, ⊗ represents the element multiplication, F ∈ 
𝑅𝑅𝐶𝐶×𝐻𝐻×𝑊𝑊  represents the input feature, 𝑀𝑀𝑐𝑐 ∈ 𝑅𝑅𝐶𝐶×1×1 
represents the one-dimensional channel attention feature, 
𝐹𝐹′ ∈ 𝑅𝑅𝐶𝐶×𝐻𝐻×𝑊𝑊represents the channel attention feature after 
extraction, 𝑀𝑀𝑠𝑠 ∈ 𝑅𝑅1×𝐻𝐻×𝑊𝑊  represents the two-dimensional 
space attention feature. 𝐹𝐹′′ ∈ 𝑅𝑅𝐶𝐶×𝐻𝐻×𝑊𝑊is the output feature 
graph after recalibrating the feature. 

3.1. Channel Attention Module 
The number of feature graph channels extracted by the 
convolutional network at each convolutional layer is equal 
to the number of convolutional cores. In general, the 
number of convolution kernel is often as high as 1024 or 
2048, so many channel dimensions contain a lot of 
redundant information, so the channel attention model 
needs to filter these information to screen out the details that 
are more relevant to the target, while suppressing the 
unimportant information. The structure of channel attention 
module is shown in Fig.4: 

 

As can be seen from Fig.4, in order to recalibrate the weight 
of different channels in the feature map more effectively. 
CBAM uses both global maximum pooling and global 
average pooling to aggregate spatial information. The 
maximum pooling only considers the element with the 
largest value in the pooling area and ignores other elements 
to extract the salient features of the target and retain the 
texture, structure, contour and other information in the 
image to the maximum extent. 
Average pooling calculates the average value of all 
elements in the pooled area to retain more image 
background information. The simultaneous use of both 
pools can not only remove redundant information, but also 
ensure richer extraction of high-level features, so as to learn 

more finely the interdependence between different channels. 
The specific operation is to compress the spatial 
information of feature graph F with H × W × C input 
dimension by maximum pooling and average pooling 
simultaneously along the spatial dimension, and generate 
two parallel spatial context descriptors with 1 × 1 × C input 
dimension: 𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐  and 𝐹𝐹𝑚𝑚𝑎𝑎𝑚𝑚𝑐𝑐  . They are then fed into a shared 
network consisting of a multi-layer perceptron MLP with 
hidden layers. In order to reduce computational overhead 
and increase the nonlinearity of the network, the number of 
neurons in the hidden layer is set as c/r, where r is the 
compression rate. After the shared network calculation, the 
two output feature vectors are added element by element, 
and the Sigmoid activation function is used to get the final 
channel feature attention force 𝑀𝑀𝑐𝑐 ∈ 𝑅𝑅𝐶𝐶×1×1 . The above 
process can be expressed by (5) : 
 
𝑀𝑀𝑐𝑐(𝐹𝐹) = 𝜎𝜎 �𝑀𝑀𝑀𝑀𝑀𝑀�𝐴𝐴𝐴𝐴𝐴𝐴𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹)� + 𝑀𝑀𝑀𝑀𝑀𝑀�𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹)�� 

              = 𝜎𝜎(𝑊𝑊1 �𝑊𝑊0�𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐 �� + 𝑊𝑊1�𝑊𝑊0(𝐹𝐹𝑚𝑚𝑎𝑎𝑚𝑚𝑐𝑐 )�) (5) 
 
Where F is the characteristic graph of the input, σ is the 
sigmoid activation function, 𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐 and 𝐹𝐹𝑚𝑚𝑎𝑎𝑚𝑚𝑐𝑐 represent the 
feature after global average pooling and global maximum 
pooling respectively. 𝑊𝑊1 and 𝑊𝑊0 are parameters in MLP of 
multi-layer perceptron, which are used to explicitly 
establish the relationship between channel features. To 
alleviate the problem of gradient disappearance, the first full 
connection layer in the MLP model uses the ReLU 
activation function. 

3.2. Spatial Attention Module 
The spatial attention module is connected to the channel 
attention module, which is used to extract the key 
information of different positions in the same feature map, 
and generate the spatial attention map by using the spatial 
relations of features. The spatial attention module is shown 
in Fig.5. 

 

The input of this module is the recalibrated feature graph of 
channel attention module. The global average pooling and 
global maximum pooling are carried out based on the 
channel direction to obtain two feature matrices with 
dimensions of H × W × 1. The two matrices are joined 
together in the channel direction, and the dimension of the 
feature graph is H × W × 2. A 7 × 7 convolution operation is 
used to change the channel dimension of the feature graph 
to 1. Finally, a two-dimensional space attention diagram 
𝑀𝑀𝑠𝑠 ∈ 𝑅𝑅1×𝐻𝐻×𝑊𝑊is generated through the Sigmoid function. 
The above process can be calculated by (6) : 
 

𝑀𝑀𝑠𝑠(𝐹𝐹) = 𝜎𝜎(𝑓𝑓7×7([𝐴𝐴𝐴𝐴𝐴𝐴𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹);𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹)])) 

 

Fig. 3  CBAM module. 
 

 

Fig. 4  CBAM channel attention module. 
 

 

Fig. 5  CBAM spatial attention module. 
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                      = 𝜎𝜎(𝑓𝑓7×7([𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠 , 𝐹𝐹𝑚𝑚𝑎𝑎𝑚𝑚𝑠𝑠 ])) (6) 
 
Where, 𝑓𝑓7×7is a convolution operation with a convolution 
kernel of 7×7, and σ is the sigmoid activation function. 

4. RESNET-CBAM 
CBAM visual attention module can be combined with 
any convolutional network, such as VGG, ResNet, etc. 
This paper introduces the combination of CBAM and 
ResNet [6]. ResNet -CBAM is used to screen effective 
features in the feature map after the attention module 
CBAM is connected in series to the convolution layer of 
the residual block and before short-circuit connection on 
the basis of ResNet. CBAM module is an operation to 
redistribute the weight of the extracted feature map 
without affecting the network structure of the original 
ResNet. At the same time, channel attention and spatial 
attention are extracted, so that the residual block can not 
only notice whether there is a task target but also notice 
where the target is. Fig.6 is the residual structure 
schematic diagram with CBAM module added. 

 

At present, the structure of ResNet-CBAM has been 
verified in many application scenarios, and the results 
show that this structure can effectively improve the 
capability of feature extraction of convolutional neural 
network. 

4.1. Improved ResNet-CBAM 
In order to ensure that the tablets containing small 
defects in the data set can be correctly detected, this 
paper introduced the CBAM attention module into 
Resnet18 to realize the defect detection of tablets. In 
order to further improve and reduce the complexity of the 
model and improve the detection accuracy, the original 
CBAM module was improved according to the 
characteristics of the defect in the tablet data set, and an 
improved ResNet-CBAM network was proposed to 
better meet the requirements of this task. 

4.1.1. Improvements to channel attention modules 
The original CBAM model uses maximum pooling and 
average pooling to compress the spatial dimensions of 
the feature graph, and uses a multi-layer perceptron with 
hidden layers as a shared network layer to capture more 
complex channel attention features. The number of 
neurons in the hidden layer of the shared network is set to 
c/r, and channel features can be compressed by r times to 
reduce the computational overhead. However, some 
studies have shown that the correlation between adjacent 
channels in the feature graph is greater, and it is 
inefficient and unnecessary to learn the interdependence 

between channels by channel dimension reduction [7]. 
Therefore, inspired by the above, this paper uses 
one-dimensional convolution to replace the multi-layer 
perceptron in the attention module of the original CBAM 
channel. Through appropriate cross-channel interaction, 
the complexity of the model can be significantly reduced 
while the performance can be maintained, and the impact 
of dimension reduction on the attention of the learning 
channel can be avoided. 

 

In this paper, a one-dimensional convolution with the 
convolution kernel size of k is used to learn the 
information of k channels in the channel neighborhood. 
In this way, the dimensionality reduction operation in the 
attention of the original CBAM channel can be avoided 
and the local cross-channel information interaction can 
be effectively captured. As shown in Fig.7, after the two 
parallel global maximum pooling and global average 
pooling, two 1 × 1 × C features were input into two 
one-dimensional convolution with the size of two 
convolution cores k to learn the cross-information 
interaction between each channel and its k adjacent 
channels, and the two convolved features were added 
element by element. Activate with the sigmoid function 
to generate the channel attention template. In order to 
avoid tedious cross-validation to determine the optimal 
value of k, the size of k can be determined in an adaptive 
way. 
Due to the parameter sharing property of convolution 
operation, the introduction of one-dimensional 
convolution can reduce the number of parameters of 
channel attention module compared with the original 
shared full connection layer. Therefore, while 
significantly reducing redundant computation, the 
network captures the interdependence between channels 
to the maximum extent, and obtains high-level features 
that are helpful for classification. The specific 
implementation process of the improved CBAM channel 
attention module is shown in (7). 
 
𝑀𝑀𝑐𝑐(𝐹𝐹) = 𝜎𝜎 �𝑓𝑓1𝐷𝐷𝑘𝑘 �𝐴𝐴𝐴𝐴𝐴𝐴𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹)� + 𝑓𝑓1𝐷𝐷𝑘𝑘 �𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹)�� 

                 = 𝜎𝜎(𝑓𝑓1𝐷𝐷𝑘𝑘 (𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐 ) + 𝑓𝑓1𝐷𝐷𝑘𝑘 (𝐹𝐹𝑚𝑚𝑎𝑎𝑚𝑚𝑐𝑐 )) (7) 
 
Where, F is the input feature graph, σ is the sigmoid 
activation function, 𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐  and 𝐹𝐹𝑚𝑚𝑎𝑎𝑚𝑚𝑐𝑐  represent the features 
after global average pooling and global maximum 
pooling respectively, 𝑓𝑓1𝐷𝐷𝑘𝑘  represents the one-dimensional 
convolution operation with the convolution kernel size of 
k, and k represents how many channels are involved in 

 

Fig. 6  ResNet+CBAM module. 
 
 

 

Fig. 7  Improved channel attention module. 
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the calculation of attention in the neighborhood. It can be 
calculated by the adaptive equation [7], and its size is 
proportional to the channel dimension, as shown in (8). 
 
                               𝑘𝑘 = �log2 𝐶𝐶

2
+ 1

2
�
𝑜𝑜𝑜𝑜𝑜𝑜

 (8) 
Where, C is the channels’ number of the input feature 
graph. |𝑡𝑡|𝑜𝑜𝑜𝑜𝑜𝑜 represents the closest odd number with t. 

4.1.2. Improvements to spatial attention modules 
Tablet defects contain not only small-scale defects such 
as small defects, but also large-scale defect areas such as 
large defects and breakages. However, in the original 
CBAM spatial attention module, there was only one 
feature extraction convolution layer with receptive field 
of 7 × 7. Therefore, in order to improve the ability of 
attention module to capture defect features of different 
proportions, inspired by SkNet [8] , three receptive fields 
(3 × 3, 5 × 5 and 7 × 7) were used in this paper to extract 
multi-scale information from feature maps respectively, 
and the final multi-scale spatial feature map was obtained 
by adding the three feature maps[9]. Compared with the 
original input feature map, the multi-scale spatial feature 
map has been refined and integrated with the information 
of multiple receptive fields. 
In order to further improve efficiency and save 
computation, the conventional 5 × 5 and 7 × 7 
convolution are replaced by the void convolution. It is 
worth noting that the proposed method does not increase 
the number of parameters in the model compared with 
the 7 × 7 convolution in the original CBAM spatial 
attention module, although three different void 
convolution sizes of receptive fields are used. Therefore, 
the spatial attention module can acquire multi-scale 
spatial information at the same processing stage without 
increasing the amount of computation, and it has good 
generalization ability for defect features of different sizes. 
The improved multi-scale convolution spatial attention 
module is shown in Fig.8. 

 

The realization process of multi-scale spatial attention 
module is shown in (9) and (10): 
 

𝑈𝑈 = [𝐴𝐴𝐴𝐴𝐴𝐴𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹);𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹)] (9) 
 

𝑀𝑀𝑠𝑠(𝐹𝐹) = 𝜎𝜎(𝑓𝑓𝑜𝑜𝑖𝑖𝑑𝑑𝑎𝑎𝑑𝑑3×3 (𝑈𝑈) + 𝑓𝑓𝑜𝑜𝑖𝑖𝑑𝑑𝑎𝑎𝑑𝑑5×5 (𝑈𝑈) + 𝑓𝑓𝑜𝑜𝑖𝑖𝑑𝑑𝑎𝑎𝑑𝑑7×7 (𝑈𝑈)) (10) 
 

Where, U represents the feature graph obtained by 
splicing input feature graph F in the channel direction 
after maximum pooling and average pooling operations. 
𝑓𝑓𝑜𝑜𝑖𝑖𝑑𝑑𝑎𝑎𝑑𝑑3×3 , 𝑓𝑓𝑜𝑜𝑖𝑖𝑑𝑑𝑎𝑎𝑑𝑑5×5 and 𝑓𝑓𝑜𝑜𝑖𝑖𝑑𝑑𝑎𝑎𝑑𝑑7×7 are void convolutions with 
convolution cores of 3×3, 5×5 and 7×7. 𝜎𝜎 is the sigmoid 
activation function. 

4.1.3.  Structure of improved  ResNet-CBAM  
The improved ResNet-CBAM network structure is 
shown in Fig.9. 

 

5. EXPERIMENT RESULTS 
Assuming that defective pills are negative class and 
qualified pills are positive class, 0 represents negative 
class and 1 represents positive class, the confusion 
matrix of dichotomy can be obtained, as shown in 
Table.1. TN represents samples of actual categories for 
defects and the prediction results for the number of 
defects, FP represents samples actual categories for 
defects, but the prediction results for the number of 
qualified, FN represents samples actual categories for 
qualified, but the prediction results for the number of 
defective, TP represents samples actual category for the 
number of qualified and predicted results are qualified. 
Total represents the Total number of pills in the data set. 

category 0 1 
0 TN FP 
1 FN TP 

 
There are three common evaluation indexes for industrial 
surface detection: accuracy rate (Acc), mistake rate (𝑀𝑀𝑟𝑟) 
and leak rate (𝑀𝑀𝑟𝑟 ). They are shown in (11),(12),(13) 
respectively. 
 

𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝐹𝐹𝑇𝑇+𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

 (11) 
 

𝑀𝑀𝑟𝑟 = 𝐹𝐹𝑇𝑇
𝐹𝐹𝑇𝑇+𝑇𝑇𝑇𝑇

 (12) 
 

𝑀𝑀𝑟𝑟 = 𝐹𝐹𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

 (13) 

 

Fig. 8  Improved spatial attention module. 
 
 

 

Fig. 9  Structure of improved  ResNet-CBAM. 
 
 

Table. 1  Confusion matrixt. 
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The pill data set prepared by image preprocessing was 
used to train the three models of ResNet, ResNet-CBAM 
and improved ResNet-CBAM respectively, and then the 
results of pill defect detection of the three models were 
analyzed. When labeling the sample, a "1" is used for 
qualified tablets and a "0" is used for defective tablets. 
The data sets are shown in Table.2. 

 qualified defective 
Training set 2090 570 

Validation set 896 244 
Total 2986 814 

 
The accuracy change curves of the three network models, 
ResNet18, ResNet-CBAM and the improved ResNet 
-CBAM on the training set and validation set are shown 
in Fig.10. It can be seen from the figure that when the 
number of iterations increased, the accuracy of ResNet 
and ResNet-CBAM on the validation set firstly increased. 
When the highest accuracy was reached, the accuracy of 
these two models did not continue to increase, but 
showed a trend of decline. The analysis shows that both 
models have the problem of overfitting, which is mainly 
due to the small amount of data in the data set, which is 
not enough to support the full learning of the network. 
However, the accuracy of the modified ResNet-CBAM 
model on the validation set is steadily improved, and the 
problem of the trained fitting is reduced compared with 
the other two models, indicating that this model has 
higher stability compared with the other two models. 

 

Compared with the other two models, the improved 
ResNet-CBAM model has the highest recognition 
accuracy, which is 97.92%, and the mistake rate and leak 
rate of the model are the lowest among the three models, 
which are 1.52% and 3.16% respectively. The detection 
speed of a single image of the model can reach 1.67ms, 
which is faster than that of the original ResNet-CBAM 
model, Table.3 shows the training and detection of the 
three models on the data set. 

classifier 𝑀𝑀𝑟𝑟/% 𝑀𝑀𝑟𝑟/% 𝐴𝐴𝐴𝐴𝐴𝐴/% Speed
/ms 

ResNet18 4.09 3.02 96.68 1.60 
ResNet18-CBAM 3.27 2.09 97.59 1.86 

Improved 
ResNet18-CBAM 

3.16 1.52 97.92 1.67 

6. CONCLUSIONS 
This paper proposes a deep learning method with 
integrated attention mechanism to realize the defect 
detection of pills. By introducing CBAM visual attention 
module to capture key micro-defect features, the 
recognition effect of deep learning network is improved. 
In order to further reduce the complexity of the model 
and improve the detection accuracy, two improvements 
are made to the original CBAM module. Firstly, a 
one-dimensional convolution is proposed to replace the 
full-connection layer in the CBAM channel attention 
module to capture channel attention information. 
Secondly, in order to improve the ability of attention 
module to extract defect features of different proportions, 
a multi-scale void convolution was proposed to replace 
the 7×7 convolution in the original CBAM spatial 
attention module to aggregate multi-scale spatial 
information while reducing model parameters. The 
improved CBAM module was embedded into ResNet18 
to realize the precise identification of pill defects. The 
model finally reached the recognition accuracy of 
97.92%, and the detection speed of a single image 
reached 1.67ms. 
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Table. 2  Pill data set. 
 
 

 

Fig. 10  ACC change curve of different models on the data set. 
 
 

Table. 3  The performance of different models. 
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