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Abstract 
With the rapid development of medical imaging technology, all kinds of digital image 
began to widely used in clinical diagnosis, based on the technology of machine 
automatically detect lesions arises at the historic moment. The cell images of lung 
section were observed and studied. Firstly, the lung cells to be diagnosed were collected, 
and the image was denoised by the double number complex wavelet transform to 
improve the ability of image edge detection. Secondly, gray linear transformation 
enhancement technology is used to enhance the denoised image, and the image becomes 
clearer by increasing the contrast.After image pretreatment, since the 2D U-Net image 
segmentation technology is relatively rough to display the features of lung cells, the 
improved 3D U-Net image segmentation technology is used to process the lung cell 
images. In the same environment, the histogram of lung cell images and lung cancer cell 
images in the hospital are compared and analyzed. The predicted image of lesion 
distribution was obtained. Through a large number of experiments conducted by the 
machine, it was found that the results of automatic detection by the machine were 
similar to the results of the doctor's manual labeling of lesions, so the automatic 
detection of lesions could be well completed. 
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1. Introduction 

In recent years, with the increasingly serious environmental pollution and the gradual popularity of 
cigarettes, the incidence of human lung cancer [1] has gradually increased, and so has the mortality 
rate. "Early detection and early treatment" has become the pursuit of some cancer patients. At present, 
in clinical diagnosis, doctors define the edge contour of lung cell images, the height of tumor markers 
and the state of chromatin in cells as an important basis for judging lung cancer [2]. Therefore, the 
accurate segmentation of lung cells can more accurately describe the lung lesion area of the patient, 
which has important clinical significance for the effective diagnosis of lung cancer. 

This paper presents an automatic detection method for lung cancer based on image processing. As 
part of the image will appear in the noise signal interference, there are some unnecessary observation 
information, therefore, before the image enhancement, image denoising is required, because wavelet 
transform[3] in the direction of translation, sensitivity and so on has certain limitation, this paper, by 
using dual complex wavelet transform[4] cells of lung slice image denoising, Effectively restore and 
maintain the edge and detail of the slice cell image. Then using gray linear transformation to enhance 
the denoising image, and by using the improved u - net network for image segmentation, by 
comparing the lung cell lung cancer cells and hospital histogram, get to predict the location of the 
lesions of the image, at last, through a large number of experiments on similarity judgment, found 
that the automatic detection technology has high feasibility of lesions. 
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2. Related Work 

2.1 Image Denoising 

2.1.1 Double Number Complex Wavelet Transform 

Dual complex wavelet transform[4] is different from the conventional wavelet transform, consists of 
two parallel and independent low-pass and high-pass filter as the real and imaginary part trees, namely: 
two parallel to the road of DWT decomposition of signal, to transform the real part of all the way, the 
other all the way to transform the imaginary part of, and keep the imaginary part sampling position, 
in the middle, the real component so as to realize the complementary information. 

 

 
Fig. 1 Model diagram of the double number complex wavelet transform 

 

The figure above is the model diagram of the double number complex wavelet transform. In the figure, 
the real part tree is above the dotted line and the imaginary part tree is below. )(0 nh and )(1 nh  

represents conjugate orthogonal filter pairs, )(g0 n and )(g1 n represents conjugate integral filter 

pairs, 2 denotes interpoint sampling, 2 represents the return of interval sampling. 

The binary complex wavelet transform[5] is an improvement on the wavelet transform, where the 
complex wavelet function is expressed as: 

 

)()()( tjtt gh                                   (1) 

 

In Formula (1) : )(th and )(g tj represents the real and imaginary parts of complex wavelets 
respectively, both of which are real functions. 

Considering the translation invariability of the image, both the real and imaginary parts of the 
complex wavelet are designed as Hilbert transform pairs in this paper, as shown below: 

 









0),(

0),(
)(

wwj

ww
w

r

r
i 


                              (2) 

 

In order to satisfy the condition of complete reconstruction, the corresponding filter (low pass) has 
the following relationship: 
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2.1.2 Image Effect 

According to the above formula, this paper selects the lung cancer section image of a patient for study, 
and carries out denoising operation for the image to facilitate the next image enhancement and 
segmentation operation. The specific results are shown in the figure below: 
 

 
Fig. 2 Image denoising effect diagram 

 

Based on the analysis of the above figure, it is found that some lines in the right figure become soft 
and clear, indicating that compared with the real wavelet transform, the dual-number complex wavelet 
transform improves the accuracy of reconstruction and decomposition, maintains the details of image 
edges and textures, and performs a better denoising operation on lung cell image. 

2.2 Image Enhancement 

Image enhancement is essential in image preprocessing. In this paper, grayscale linear transformation 
is used to enhance lung cell images. The so-called gray linear transformation is to transform the pixel 
value of the image through the specified linear function, so as to enhance or weaken the gray of the 
image. Its formula is mainly a common one-dimensional linear function: 
 

myxkfyxg  ),(),(                               (4) 
 

Where, k and m are the slope and intercept of the one-dimensional linear function respectively, with 
specific meanings as shown in the following table: 
 

Table 1. Meaning table of K and M 

k m Change of image 

k>1  The output image contrast increases, the image looks clearer, the overall effect is enhanced 

k=1 

 
The contrast of the output image remains unchanged, and the brightness of the image can 

be changed by adjusting the value of M 

m>0 
The contrast of the output image is unchanged, but the overall gray level is improved, and 

the overall image becomes brighter 

m=0 The output image has no change 

m<0 
The contrast of the output image remains unchanged, but the overall gray level decreases 

and the overall image darkens 

0<k<1  
The contrast of the output image is reduced, the image looks less clear than before, and the 

overall effect is weakened 

k<0  The lighter areas of the original image become darker and the darker areas become lighter 

k=-1 m=255 The output image reverses the gray level of the input image 
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Based on the analysis of the above problems, respectively. 
255,19,15.05.1  mkmkkk 、、、 grayscale linear transformation was performed on the 

lung cell image to obtain the enhanced effect diagram of the image, as shown below: 

 

 

Fig. 3 Enhanced rendering 

 

It can be seen from Fig. 3 that: when k value increases, the image becomes brighter and looks clearer, 
and if you want to observe the black part of the cell, you can choose to reverse the image, that is, 
reverse the gray level. 

3. U-net Image Segmentation 

3.1 2D U-NET Image Segmentation Technology 

The U-NET network is structured like a capital U. Simply speaking, the whole network is divided 
into two parts. The left part is responsible for feature extraction. As the network layer deepens, the 
channel of the network becomes larger and the "picture" becomes smaller. The network on the right 
is responsible for feature restoration. In fact, the whole network is actually a codec [6]. 

The traditional 2D U-NET image segmentation technology is based on CNN convolutional neural 
network and is generated through the main processes of up-sampling, down-sampling, U-shaped 
structure and short turn-on. The specific structure images are shown as follows: 

 

 
Fig. 4 U-NET basic architecture diagram 
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Stage1, the first layer in the upper left corner of the figure above, namely: input the single-channel 
image of 572*572*1, convolve it twice with the convolution kernel of the blue arrow 3*3, activate 
Relu function, and finally change it into a 64-channel image of 568*568*64 after a series of 
operations. At the end of stage1, the image is pooled to the maximum size of 2*2 through the red 
arrow, which doubles the image size and results in a 64 channel image of 284*284*64. At this point, 
the image enters stage2, the second layer in the lower left corner. Every time it passes through the red 
arrow, the image size is doubled and the number of channels in the feature map is doubled... Until 
stage5, the 5th layer at the lower left corner, the operation of compression path is completed. At this 
time, the size of feature graph is 28*28*1024[7]. 

Now that you've finished compressing the image, start the extension path on the right. Where: The 
green arrow represents deconvolution operation, which doubles the size of the image and doubles the 
number of channels in the feature image. In order to reduce the information of image loss in the 
compression path, the feature graph before pooling from the compression path stage4 is superlaid and 
combined into 56*56*1024 images. Finally, the 512-channel images of 52*52*512 are obtained 
through two convolution of the blue arrow [7]. 

More than for the traditional 2D u - net image segmentation process, due to the 3D medical image 
compared with 2D images with more information, to demonstrate the lung biopsy at all levels, and 
the appearance of cells for clinical analysis of the risk of lung cancer have larger effect, therefore this 
article mainly in 3D u - net image segmentation technology to the cells of lung biopsy were analyzed. 

3.2 3D U-NET Image Segmentation Technology 

3.2.1 Basic Structure of 3D U-NET 

The main difference between 3D U-NET image segmentation and 2D image segmentation[8] lies in 
the difference in channel number and deconvolution operation. 

The traditional 2D image segmentation technique doubles the number of channels in the first 
convolution of downsampling, and halves the number of channels in deconvolution. However, the 
improved 3D image segmentation technology doubles the number of channels before up-down 
sampling, and the number of channels remains unchanged during deconvolution. 

 

 
Fig. 5 3D U-NET basic architecture diagram 

 

The figure above shows that there is one encoding path and one decoding path in the structure of 3D 
U-Net, and each path has four resolution levels. Where: each layer of the coding path contains two 
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3×3×3 convolution, each followed by a ReLU layer, and then a 2×2×2 maximum pooling layer with 
step length of 2 in each direction; Each layer of decoding path contains a 2×2×2 deconvolution layer 
with step size of 2, followed by two 3×3×3 convolution layers, each followed by a RuLU layer. The 
last layer is the convolution layer of 1×1×1, whose purpose is to reduce the number of output channels 
[9]. 

3.2.2 Design Loss Function 

In this paper, softmax function with weighted cross entropy loss is used to compare the output of 
image[10] with correctly labeled data, reducing the weight of frequently occurring image pixels and 
increasing the weight of labeled image data to balance the influence of lung cancer cell features and 
background image pixels on the loss. The specific formula is as follows: 
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In order to improve the detail of lung cell medical image and the performance of boundary 
segmentation, an improved weighted loss function was used BCEL : 

 





N

n
nnnnBCE PTPT

N
PTL

1

)]1log()1(}log{[
1

),(                (6) 

 

In Formula (5), the weight is placed before the corresponding loss, which is conducive to analyzing 
the influence of different factors on the image output loss. Formula (6) is more helpful for U-NET 
network segmentation of cell images. 

3.2.3 Selection of Convolution Layer 

The convolutional layer is mainly used to extract the image features of cells, which plays a very 
important role in image segmentation. Therefore, selecting an appropriate convolutional layer can 
effectively improve the performance of segmentation. 

 

 
Fig. 6 Convolutional layer training diagram 
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Through the simulation training under different convolution kernels, it is found that the graph line is 
relatively smooth, that is, 3*3 convolution kernels are optimal. 

3.3 Segmentation Image Acquisition 

The above improved 3D U-NET image segmentation technology is applied to selected lung cell 
images, as shown below: 

 

 
Fig. 7 Segmentation image 

 

According to the segmented lung cell image, the following histogram comparison operation was 
performed to realize the identification of the lesion region. 

4. Histogram Comparative Analysis 

The features of existing lung cancer cells in the hospital were analyzed one by one, and detailed 
features such as cell edge contour, tumor marker height and chromatin state in the cells were extracted 
into the database, and compared with the segmented images for histogram analysis. 

 

 

 
Fig. 8 Histogram comparison 
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In Fig. 8: The left figure is the contour of lung cancer cell edge information in the cell bank, and the 
right figure is the contour histogram of lung cells after segmentation and extraction. Through 
comparison, it is found that the similarity between them is greater in the following two positions. 

 

 
Fig. 9 Similarity analysis diagram 

 

Therefore, find the corresponding position in the lung cell image, as shown below:   

 

        
Fig. 10 Lung cells suspected to be cancerous 

 

Based on the analysis of the above images, it can be concluded that this area is a suspected cancerous 
part of the lung cells. A large number of lung cells were segmented and automatically detected by 
computer, and compared with the lesion sites manually given by doctors, and the following 
comparison table was obtained: 

 

Table 2. Machine versus manual analysis 

The machine test is compared with the doctor's manual test similarity Machine detection error rate 

percentage 98.6% 0.57% 

 

It can be concluded that the automatic detection technology of lung lesions based on various image 
processing methods is relatively mature, so the detection of lesions can be appropriately carried out 
by computer to reduce the workload of doctors. 

5. Conclusion 

In this paper, the image denoising is carried out by the dual-number complex wavelet transform. 
Because the wavelet transform has poor locality, this method is adopted to neutralize its locality. At 
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the same time, this method has good characteristics of approximate translation invariance and high 
computational efficiency. Since the image after denoising is soft, grayscale linear transformation is 
adopted in this paper to enhance the image, which can better observe the characteristics of lung cell 
image, enlarge the dynamic range of the image and make the features more obvious. Secondly, since 
U-NET image segmentation technology is widely used in the field of medical image analysis, u-NET 
image segmentation technology based on convolutional neural network is used in this paper to 
segment the image. Due to the limitations of 2D U-NET in displaying the features of cell images, 
This paper adopts 3D U-NET network to segment the image, and obtains the most effective 3*3 
convolution layer through a lot of training. After segmentation, histograms of lung cells and hospital 
lung cancer cells were drawn, and the suspected lesion area was obtained through comparative 
analysis of their similarity. Finally, a lot of training was carried out by the machine, and the similarity 
analysis was conducted between the lesions automatically detected and those manually obtained by 
the doctors. The similarity was found to be higher than 90%, that is, the conclusion was drawn that 
the method of automatic detection of lesions based on image processing has certain feasibility and 
effectiveness. 
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