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Abstract 
At present, in the field of image recognition, for most of the supervised models there are 
great defects, for example, for convolutional neural network CNN, when the data is not 
sufficient, the neural network can not work, even if it can carry out the image recognition 
work, there is a low accuracy is not ideal, so the recognition effect is poor. In this paper, 
we propose a semi-supervised model based on generative adversarial network, which is 
a model structure of adversarial network combining the advantages of the respective 
network structures of semi-supervised generative adversarial network SSGAN and deep 
convolutional generative adversarial network DCGAN, and replacing the sigmoid 
activation function with softmax in the output layer to finally form the SS- DCGAN model. 
The brain infarct image dataset used for the experiments in this paper was provided by 
the affiliated hospital of North China University of Technology. Firstly, the generated 
samples are defined as pseudo-sample classes and used to guide the training; secondly, 
the parameters of the model are updated by semi-supervised training, and finally the 
recognition of the brain infarct images is achieved. The experimental results indicate 
that the model structure used in this paper can better recognize the brain infarct image 
dataset with fewer labels accurately, and the final accuracy reaches 91.27% accuracy, 
which is very significantly superior compared with the current existing models. 
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1. Introduction 

Generative adversarial network (GAN) is one of the most promising semi-supervised methods in 
recent years to train models by generating adversaries.GAN solves the problem of few labeled 
samples by generating a large number of samples to expand the dataset during training. At the same 
time, adversarial training improves the generalization ability and anti-interference ability of the 
discriminator, which in turn enhances the feature extraction ability. Therefore, for the medical image 
field, there are problems such as insufficient amount of labeled samples and difficulty in extracting 
discriminative features, e.g., when the amount of data labels is insufficient, the recognition accuracy 
will be greatly reduced, and then the experienced doctors must be required to label the images, but 
this process will take a long time and manpower, and the efficiency is very low. GAN has been applied 
to medical image scene classification by researchers. 

In this paper, we propose a semi-supervised deep convolutional generative adversarial network (SS-
DCGAN), which combines the advantages of semi-supervised generative adversarial network 
(SSGAN) and deep convolutional adversarial generative network (DCGAN), and adds a 
convolutional neural network with powerful feature extraction function to the generator and 
discriminator. to extract the feature elements of the image. The dataset selected in this paper is brain 
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CT image data, only a few images are labeled, and the SS-DCGAN model with high recognition 
accuracy and efficiency is obtained through experiments. 

2. Introduction to Generating Adversarial Networks 

2.1 Generating Adversarial Networks 

The original GAN network is an unsupervised generative model without sample labeling. The 
SSGAN network is an improvement and optimization of the GAN network, which uses part of the 
labeled data and most of the unlabeled data as training data. The structure of SSGAN network has 
been adjusted compared to the original GAN network, with the generator and discriminator being 
adjusted accordingly; for the generator, it is the same as the GAN network. For the generator, it is 
also necessary to input random noise to generate fake samples compared with GAN network, while 
the discriminator is necessary to distinguish the category to which the real image belongs and to 
achieve the function of multiple classification compared with GAN network. 

 

 
Fig. 1 Confrontation network structure 

 

In order to better extract brain feature information, this paper also adopts the Deep Convolutional 
Adversarial Neural Network (DCGAN) model approach. Similarly, it is also an improvement of 
generative adversarial network (GAN), which combines GAN and convolutional neural network 
(CNN), replacing CNN among the generators and discriminators in the original GAN, in order to 
improve the quality of generated samples and the convergence speed of the model as well as the 
accuracy of the final model recognition.DCGAN is implemented in the following aspects: firstly, the 
general convolutional Firstly, the pooling layer structure, which is usually found after the 
convolutional layer, is removed. The pooling layer is changed to a deconvolutional layer in the 
generator, and the pooling layer is replaced with a convolutional layer in the discriminator; secondly, 
the fully connected layer in a normal convolutional neural network is removed, and the convolutional 
neural network is directly connected to the input and output layers of the generator and discriminator; 
in addition, the output layer of the DCGAN model uses the Tanh activation function in the generator, 
and the other layers use the ReLU activation function. In addition, the output layer of the DCGAN 
model uses the Tanh activation function in the generator and the other layers use the ReLU activation 
function, and each layer of the discriminator uses the LeakReLU activation function. 

2.2 Semi-supervised Deep Convolutional Generative Adversarial Network 

The semi-supervised deep convolutional generative adversarial network is mainly formed by 
combining the different advantages of SSGAN and DCGAN. In SS-DCGAN, the convolutional 
neural network is added to the generator and discriminator. 

In the generator, a 100-dimensional random noise obeying Gaussian distribution is put into the 
generator, and a three-dimensional vector is obtained after matrix transformation. For the 
deconvolution process, the convolution kernel  is set to a size of  and the step size is set to 
2, and the normalization process is performed after the completion of the deconvolution operation. 
The Tanh activation function is used for the output layer of the generator, and the other layers are 
ReLU activation functions. 
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In the discriminator, the convolutional neural network has 19 convolutional layers and 5 fully-
connected layers. The process: first, the convolutional layers are used to extract features from the 
image, and then the fully-connected layers are used to regularize the extracted information. activation 
function is used in the convolutional layer, and the Softmax activation function is used in the output 
layer for the normalization operation. The structure is shown in Fig. 2.  

 

 
Fig. 2 Discriminator structure 

3. SS-DCGAN for Recognition of Brain Infarct Images 

3.1 Data Pre-processing 

The data used in this model come from the Hospital of North China University of Technology, which 
is a brain infarction image data set screened by the guidance of rich clinicians, and then the data 
images are divided into two categories according to the disease and non-disease: normal data samples 
and abnormal image data samples. 

 

                     
a) Normal image                    b) Abnormal images 

Fig. 3 data samples 

 

In order to make the input image conform to the model input requirements, the input image is first 

cropped, and after the cropping process, the size of the image is unified to , At the same time, 
the operation of image cropping is not only to meet the needs of the model, but also to consider the 
impact of computational performance on the training speed. 

3.2 Training Model 

In SS-DCGAN, this paper is actually a triple classification problem, i.e., normal sample image, 
abnormal sample image, generator to generate the sample image, and output 3 logical vectors as 

, The final probability of the category to which the image belongs can be obtained by 
normalizing it with the softmax activation function: 
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                                  (1) 

 

where the final maximum value of P is the label of the category corresponding to the classification. 

In SS-DCGAN, we have three types of input data, namely labeled data, unlabeled data and generated 
data, so the model also has three loss functions accordingly, which are denoted as . 

The loss of labeled data, i.e., the cross-entropy loss of the true labeled data class and the final 
prediction class is: 

 

                             (2) 

 

The loss of unlabeled data, since both unlabeled and labeled data are derived from real data, is: 

 

                          (3) 

 

The loss of the generated samples, which is the loss of the discriminator to determine the generated 
samples false samples, so ,so: 

 

                              (4) 

 

Where:  denotes the image data; denotes the label of the labeled data; denotes the 
output of the real data image with label; denotes the unlabeled data in the real data, denotes 
the fake data generated by the generator, and denotes the probability. 

3.3 Training Process 

1) The simple random noise obeying Gaussian distribution is input to the generator, and then after 
processing by the generator, the dummy sample data image can be obtained as . 

2) The generated data is fed into the discriminator together with the real data, and the 
activation function is used to obtain . 

3) Keeping the relevant parameters in the generator unchanged, the corresponding data use their 
corresponding loss functions. Parameter update using Adam's gradient descent method in the 
discriminant. 

4) Keep the relevant parameters in the discriminator unchanged, and adjust the parameters by 
matching the real image with the fake image. 

5) Repeat the above steps until the specified number of iterations and accuracy are reached and then 
terminate. 

6) Output image category, end. 

4. Conclusion 

After 2500 rounds of training, the average accuracy of SS-DCGAN model reached 91.27%. 

Experiments have shown that the SS-DCGAN model constructed in this paper to identify and classify 
medical brain infarct datasets is very effective. Moreover, it can adequately solve the problem of poor 
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classification of the model when the dataset is not sufficient. The results are very good, and in the 
future, we will continue to improve and optimize the structure and parameters of the model to make 
the model training more efficient and the final classification more accurate, and eventually hope to 
apply it to the frontier of medical image recognition and make some contribution to the medical career 
of China. 
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