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Abstract: With the rapid development of deep learning technology, its importance to medical image 
recognition has been highlighted, and medical image recognition has become the core of medical 
development. The automatic and autonomous learning based on deep learning has greatly im-
proved the accuracy and speed of medical image recognition, especially in the early identification 
of diseases and the determination of the location of diseases. However, there are still some problems 
such as too little data, too complicated model design and high computational cost. This paper 
mainly analyzes the optimization of the automatic recognition system of medical images based on 
deep learning, and proposes some possible methods, such as data enhancement, model structure 
optimization, loss function setting and transfer learning, to improve the stability and accuracy of 
the system. 
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1. Introduction  
Due to the development of artificial intelligence technology, the application of deep 

learning in medical image recognition system is gradually recognized, and the automated 
medical image recognition system can effectively ease the work intensity of doctors and 
improve the identification rate of diseases and speed up the recognition speed. However, 
in the identification process, we are faced with the processing and recognition of complex 
graphics, and how to improve the recognition effect, especially the performance of data 
processing, model design and operational efficiency, etc. Therefore, the research ideas of 
deep learning in the optimization of automatic medical image recognition system are dis-
cussed in depth, and specific feasible methods for improvement are given. To provide 
guidance for innovative development in this field and clinical practice. 

2. Basic Principle of Medical Image Recognition Technology 
2.1. Classification of Medical Images 

Medical image mainly refers to the information obtained by various means of imag-
ing, which is mainly used by doctors to diagnose patients, make treatment plans and eval-
uate them after surgery. Medical images can be divided into different categories, the most 
common types are radiographs, CT, magnetic resonance images, ultrasound, positron 
emission computed tomography, etc. X-ray imaging uses high-energy X-rays to irradiate 
patients and see how well they are absorbed through parts of the body. It is commonly 
used to diagnose fractures or lung diseases. CT technology continuously rotates the X-ray 
emission source to construct a hierarchical map, so CT has a higher recognition of the 
imaging features of brain, lung and abdominal diseases, and can display the internal im-
ages of tissues in more detail [1]. Magnetic resonance is the use of large mass magnets and 
high-frequency radio waves to form a clear image, with high soft tissue resolution and 
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neuromuscular and joint anatomical resolution. Ultrasound imaging is through the con-
tinuous emission of high-frequency sound imaging, this imaging technology is often used 
in pregnancy fetal monitoring, heart and abdominal organs and other examinations. PET 
technology uses radiation imaging of specific labeled substances to study metabolic pro-
cesses and mechanisms in vivo, mainly for the discovery of cancer or cardiovascular dis-
eases and brain diseases [2]. 

2.2. Principle of Image Recognition Technology 
Image recognition is an important branch in the field of computer vision, which 

mainly analyzes and processes the information in the image automatically by computer. 
The purpose of image recognition in medical image analysis is to find useful information 
features in medical images for classification, segmentation or search. In traditional meth-
ods, features and rules are generally set by people in advance to obtain image features for 
subsequent analysis operations, so there are some restrictions on complex images. With 
the introduction of deep learning, especially the application of convolutional neural net-
work, the performance of image recognition has been greatly improved. The convolu-
tional neural network can learn and extract the multi-level features of the image inde-
pendently, and can cope with the complex graphics in the medical image better, and has 
the characteristics of strong generalization ability. In the field of medical image analysis, 
deep learning models can use a large number of labeled data for self-learning and learn 
to obtain disease characteristics from original images, so as to achieve automatic disease 
recognition, lesion segmentation, organ classification and other functions. By constantly 
updating the model structure and training process, deep learning has shown great poten-
tial in improving the accuracy of medical image recognition, reducing the manual inter-
vention and misdiagnosis rate in the medical field, and has become the main tool for cur-
rent medical image processing [3]. 

3. Application of Deep Learning in Medical Image Recognition 
3.1. Automatic Classification and Recognition of Diseases 

Automatic classification and recognition of diseases is mainly based on deep learning 
technology to automatically classify and recognize medical images. Convolutional neural 
networks, as deep learning, excel at automatic learning and feature extraction as well as 
image recognition (see Figure 1). Convolutional neural networks can acquire and extract 
important features from complex medical images, which can be used to distinguish and 
identify the site of disease. 

 
Figure 1. Automatic Classification and Recognition of Diseases. 
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In this way, human intervention can be reduced and diagnostic accuracy can be im-
proved. In addition, another great advantage of deep learning is its ability to generalize 
and handle various forms of patient medical imaging, including the type of disease and 
the stage of disease. In clinical application, automatic disease recognition and classifica-
tion has been widely used in many medical imaging fields. For example, in a chest CT 
photograph, deep learning can accurately distinguish lung nodules and identify them as 
benign or malignant; In mammograms, deep learning can also automatically identify 
signs of breast cancer, helping doctors make an initial diagnosis as soon as possible. 
Through deep learning technology, not only can it improve the diagnostic accuracy, but 
also can process a large amount of image information, reducing the work burden of doc-
tors. Through deep learning, medical imaging research has been transformed from com-
plex and inefficient to accurate and efficient. Automatic diagnosis system has brought 
strong support to the early diagnosis of diseases and promoted the development of intel-
ligent medical treatment. 

3.2. Accurate Segmentation of Lesions and Organ Regions 
In disease diagnosis, accurately delineating the lesion and separating it from the sur-

rounding organs is crucial for diagnosis and preoperative treatment. Different deep learn-
ing models have their own advantages in medical image segmentation. Through the en-
coder-decoder structure, U-Net is good at extracting detailed features, especially for small 
target segmentation. The Full Convolution Network removes the full connection layer and 
is suitable for pixel-level segmentation [4]. Mask R-CNN adds segmentation branch on 
the basis of Faster R-CNN, which can simultaneously perform target detection and pixel 
segmentation. DeepLabV3+ uses cavity convolution and depth-separable convolution to 
improve segmentation in complex backgrounds. V-Net uses 3D convolution, which is 
suitable for the division of lesion areas in CT, MRI and other three-dimensional images, 
providing more accurate diagnosis. These models can stably differentiate lesions and or-
gan regions and provide strong support for medical image analysis. The methods and 
descriptions of accurate segmentation of lesions and organ regions are shown in Table 1. 

Table 1. Precise Segmentation of Lesions and Organ Regions. 

Method Description 

U-Net 
As a mainstream image segmentation framework, U-Net adopts encoder-decoder 

network, which can effectively extract the details of medical images, especially 
for the segmentation of small targets 

FCN 
FullConvolutionNetwork, based on the idea of complete convolutions, is a fully 
connected layers that is added after the removal of conventional convolutional 

neural networks, and is more suitable for pixel-level image segmentation 

Mask R-Convo-
lutional neural 

network 

Maskr-convolutional Neural Network introduces segmentation branch based on 
Faster-R convolutional neural network, which has the ability of object detection 
and pixel segmentation, so that object detection and pixel level division can be 

carried out at the same time 

DeepLabV3+ 
DeepLabV3+ also uses advanced technologies such as cavity convolution and 

depth separable convolution to further improve the effect of image segmentation, 
especially for images with complex backgrounds 

V-Net 

V-Net uses the classic 3D convolutional network, which is good at 3D medical 
image segmentation, so it is more suitable for the lesion region division of CT, 

MRI and other 3D imaging devices, which is conducive to finding more accurate 
lesion location and giving more reliable disease judgment 

It can be seen from the above table that deep learning has a good performance for 
clinical medical image segmentation, and different models have their own advantages ac-
cording to different work requirements. 
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3.3. Detection and Localization of Lesion Target 
In medical image analysis, it is a main task to find and locate the lesion target in 

medical image, which is very important for early diagnosis and fine treatment of disease. 
Object detection algorithms based on deep learning (such as YOLO, Faster-Convolutional 
neural networks, etc.) can automatically identify and locate diseased areas in medical im-
ages. This algorithm uses convolutional neural network to conduct in-depth analysis of 
images, and can identify diseased areas in artificially marked images, such as tumors, 
nodules, etc., and locate their coordinates in the picture. Deep learning can be used to 
locate lung nodules and determine the benign and malignant of lung nodules in CT im-
ages. In mammogram images, deep learning can accurately locate breast tumors and pre-
dict the benign and malignant nature of breast tumors. Compared with manual processing, 
deep learning improves the accuracy of detection, while shortening the detection time and 
reducing the probability of misjudgment. This automatic detection and positioning sys-
tem can greatly reduce the burden of doctors, especially when processing a high number 
of medical images, it is conducive to improve the speed of doctors, shorten the diagnosis 
time, so as to bring faster and more accurate diagnosis and treatment experience to pa-
tients [5]. 

3.4. Cross-Modal Medical Imaging Assisted Diagnosis 
Cross-modal medical image-assisted diagnosis is the fusion of various information 

of images of different modes, which makes the diagnosis of diseases more accurate and 
reliable. At present, the application of deep learning technology in cross-modal medical 
image assisted diagnosis can effectively improve the diagnosis accuracy of diseases. In 
clinical practice, a single modal image cannot show all pathological states, so cross-modal 
fusion can provide more accurate patient information for the characteristics of different 
images. For example, PET images show the metabolism of tumor cells, while MRI images 
are used to describe the size, shape and organizational structure of tumors. By fusing these 
two images through deep learning algorithms, questions about tumor size, location, shape 
and whether the tumor has spread can be obtained. Such cross-modal fusion can not only 
improve the diagnosis of diseases, but also improve the diagnosis of diseases. It can also 
provide more reliable diagnostic evidence for the development of disease treatment plans. 
In practical studies, cross-modal image-assisted diagnosis has become a powerful tool for 
precision treatment, which can help doctors understand patients more accurately and 
comprehensively, so as to develop more scientific and reasonable treatment methods for 
patients. 

4. Optimization Design of Automatic Medical Image Recognition System Based on 
Deep Learning 
4.1. Data Enhancement and Extension Methods 

The method of data enhancement and extension plays an important role in medical 
image processing. First of all, image transformation technology includes rotation, transla-
tion and scaling and other operations, which can imitate different viewpoints, positions 
and scales to enhance the learning effect of the model for various deformed images. Rota-
tion and shift can learn image features from different angles, zoom and shift can extract 
useful information from various positions and sizes, which is suitable for the presentation 
of organs and lesions in medical images. Second, data enhancement technology can en-
hance the data in a deeper level by means of synthetic data generation, noise addition and 
random clipping. Synthetic data generation can generate new training samples from ex-
isting data, especially when the amount of processing data is insufficient. Noise addition 
By adding random noise in the image to simulate the noise of the data in the real environ-
ment, improve the robustness of the model to noise; Random shear can make the model 
have strong sensitivity to respond to objects of different sizes. In short, image enhance-
ment involves the transformation of color, light and contrast. By transforming the chroma, 
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brightness and contrast of the image, the purpose of improving image quality and image 
information is achieved, and the model is assisted to obtain more accurate lesion location. 
Random cropping method By randomly selecting an area in the original image for crop-
ping, the cropping operation formula can be expressed as: 

𝐼𝐼′ = 𝐼𝐼[𝑥𝑥: 𝑥𝑥 + 𝑤𝑤, 𝑦𝑦: 𝑦𝑦 + ℎ]          (1) 
(𝑥𝑥, 𝑦𝑦) is the top-left coordinate of the crop area, 𝑤𝑤, ℎ are the width and height of the 

crop area, 𝐼𝐼′ is the cropped image. These mathematical formulas represent common data 
enhancement methods that transform the original image through different operations to 
generate new training samples and improve the generalization ability of deep learning 
models. 

4.2. Model Structure Optimization and Improvement 
The structural improvement and optimization of deep learning model can be re-

garded as one of the important bases to improve the performance of automatic medical 
image recognition system. Although traditional convolutional neural networks (convolu-
tional neural networks) have good performance in image classification tasks, they are of-
ten prone to certain limitations in the face of the complexity and complex details of med-
ical images. Therefore, it is necessary to design a more efficient network structure. For 
example, ResNet solves the problem of gradient disappearance in deep network training 
by using residual connection, which can greatly enhance the training effect. The com-
monly used network structure is also U-Net, which is widely used in medical image seg-
mentation tasks. Due to the structure of encoding and decoding blocks, it can effectively 
solve the details and important information in medical images. In addition, the network 
structure based on attention is getting more and more attention, which can make the net-
work adjust the weight of each part of the feature, make the network pay more attention 
to some important parts, and improve the accuracy of model identification. Perfecting and 
optimizing the network structure of deep learning can help enhance the understanding of 
the network to medical pictures, and thus improve the performance of the automatic iden-
tification system. 

4.3. Loss Function Design and Optimization 
In the process of training a deep learning model, the loss function is an important 

factor determining the learning ability of the model. Traditional cross-entropy loss and 
mean square error are often used in classification and regression. However, the medical 
image recognition task may have more complex problems, and an accurate loss function 
needs to be designed for the task. Taking the loss function in the medical image slicing 
task as an example, the Dice coefficient loss can characterize the similarity between the 
slice result and the real label, especially in the case of data imbalance, it can effectively 
avoid the problem of ignoring small targets. In the case of the fusion of each task loss 
function, the classification, positioning and slicing tasks can be optimized at the same time 
to improve the learning effect of the multi-task model. The optimization of the loss func-
tion not only optimizes the accuracy of the model, but also contributes to the stability of 
the model learning, reduces the risk of overfitting, and further improves the efficiency 
and accuracy of the automatic medical image recognition system. Dice coefficient loss is 
commonly used in image segmentation tasks to evaluate the performance of the model by 
calculating the overlap between the predicted segmentation and the actual segmentation 
region. The Dice coefficient loss function is as follows: 

𝐿𝐿𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 = 1 − 2∑ 𝑝𝑝𝑖𝑖𝑦𝑦𝑖𝑖+∈
𝑁𝑁
𝑖𝑖=1

∑ 𝑝𝑝𝑖𝑖+∑ 𝑦𝑦𝑖𝑖+∈𝑁𝑁
𝑖𝑖=1

𝑁𝑁
𝑖𝑖=1

          (2) 

Among, 𝑝𝑝𝑖𝑖  is the pixel value of the image predicted by the model, 𝑦𝑦𝑖𝑖  is the pixel 
value of the actual annotated image, 𝑁𝑁 is the total number of pixels in the image, ϵ is a 
small constant that prevents division by zero errors. By optimizing the Dice coefficient 
loss, the model can better focus on the key areas in the image, improve the segmentation 
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accuracy, and play an important role in the automatic diagnosis and treatment planning 
of medical images. 

4.4. Model Integration and Transfer Learning 
The performance of deep learning medical image recognition system can be im-

proved by using two important technologies: model integration technology and transfer 
learning, the former can reduce the single model bias and improve its performance; The 
latter can make up for the lack of labels by using the model that has been trained in ad-
vance. After the model is trained on large datasets in advance, it can be applied in the field 
of medical imaging to realize the correct correction of the model, which can greatly im-
prove the learning speed and accuracy of the model. Especially when the sample size is 
small, it has a great impact on the efficiency of the model. Combining the above techniques 
and effects can form a more powerful medical image adaptive recognition system, which 
can help doctors better diagnose diseases and formulate corresponding treatment meth-
ods. 

5. Conclusion 
By means of data enhancement, model structure optimization, loss function selection, 

model integration and model transfer, several effective methods to improve system per-
formance are proposed. With the continuous development of deep learning technology, 
its use in the early stage of disease identification, location of the lesion area, the develop-
ment of disease treatment plans, etc., is becoming more and more mature. However, there 
are still some problems that need to be solved, such as how to improve data quality, im-
prove model interpretability, and how to further enhance computing resources. When 
more new technologies are used and larger data is accumulated, medical image recogni-
tion systems based on deep learning will have a greater impact on clinical applications, 
which is conducive to the development of intelligent medicine. 
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