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Abstract. Generative adversarial networks (GAN) could synthesize semantically
meaningful data from standard signal distribution, which make it have consider-
able potential to alleviate data scarcity. In this paper, based on Evolutionary GAN,
cardiac magnetic resonance images enhancement method is proposed to solve
over-fitting problem caused by training convolution network with small dataset.
The most optimal generator which consider the quality and diversity of generated
images simultaneously from many generator mutations is chosen. Meanwhile, to
expand the whole training set distribution, we combine the linear interpolation
of eigenvectors to synthesize new training samples and synthesize related linear
interpolation labels, which can make the discrete sample space become continu-
ous to improve the smoothness between domains. In this paper, the effectiveness
of this method is verified by classification experiments, and the influence of the
proportion of synthesized samples on the classification results of cardiac magnetic
resonance images is explored.

Keywords: Evolutionary GAN · Cardiac magnetic resonance · Data
augmentation · Linear interpolation

1 Introduction

Cardiac magnetic resonance imaging (MRI) is known as the gold standard for assessing
cardiac function. Conventional cardiac MRI scanning technology has been relatively
mature and has played a vital role in disease diagnosis.At present,many cardiacmagnetic
resonance image-assisted diagnosis tasks based on deep learning [1] have achieved
good results, but cardiac magnetic resonance images not only require expensive medical
equipment to obtain, but also require experienced radiologists to carry out a large number
of manual data annotation, which is undoubtedly extremely time-consuming and labor-
consuming. In addition, the privacy of patients in the field of medical images has always
been very sensitive, so it costs a lot to obtain a large number of data sets that are balanced
between positive and negative samples.
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A great challenge in the field of medical imaging based on deep learning is how
to deal with small-scale data sets and limited number of labeled data. Especially when
using complex deep learning model, the data set is not sufficient or the data set sample is
unbalanced, which will make the deep convolution neural network with huge parameters
appear over fitting [2]. In the field of computer vision, scholars have proposed many
effective methods for over fitting, such as batch regularization [3], dropout [4], early
stopping method [5], weight sharing [6], weight attenuation [7], etc. The above method
is to adjust the network structure. In addition, data enhancement [8] is an effective
method to operate on the data itself, which alleviates the phenomenon of over fitting
in image analysis and classification to a certain extent. The classical data enhancement
techniques mainly include affine transformation methods such as translation, rotation,
scaling, flipping and shearing [9, 10], and the original samples and new samples are
mixed as training sets and input into convolutional neural network. Adjusting the color
space of samples is also a data enhancement method.Wang et al. [11] used the method of
changing the brightness value to expand the sample size. Although these methods have
improved, only the operation on the original samples does not produce new features.
The diversity of the original samples has not been substantially improved [12], and the
promotion effect is weak when processing small-scale data.

Generative Adversarial Network (GAN) [13] is a generative model proposed by Ian
Goodfellow and others. It consists of a generator G and a discriminator D. The generator
G uses noise z sampled from uniform distribution or normal distribution as input to
synthesize image G(z). The discriminator D attempts to judge the synthetic image G(z)
as false asmuch as possible, and judges the real image x as true, and adjusts the parameters
of each model through successive confrontation training. Finally, the generator obtains
the distribution model of real samples and obtains the generation performance close to
the real image. The specific structure of GAN is shown in Fig. 1.

Fig. 1. The structure of GAN
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The entire training process of GAN is to find the balance between the generating
network and the discriminating network, which makes the discriminator unable to judge
whether the samples generated by the generator are real or generated, so that the gen-
erating network can achieve the optimal performance. This process can be expressed as
formula (1):

minGmaxDExPdata

[
logD(x)

] + EzPz

[
log(1 − D(G(z)))

]
(1)

The generative adversarial network generates new samples by fitting the original
sample distribution. The new samples are generated from the distribution learned by
the generative model, which makes it have new features that are different from the
original samples. This feature makes it possible to use the samples generated by the
generating network as new training samples to achieve data expansion. Although GAN
has achieved good results in many computer vision fields, it has many problems in
practical applications. On the one hand, GAN is very difficult to train. Once the data
distribution and the distribution fitted by the generating network do not substantially
overlap at the beginning of training, the gradient of the generating network can easily
point to a random direction, resulting in the problem of gradient disappearance [14]. On
the other hand, in order to make the discriminator give high scores, the generator will
try to generate a relatively safe but lack of diversity of single samples, which will lead
to the problem of pattern collapse [15].

In order to alleviate the gradient disappearance and model collapse, a large number
of GAN variant models have been proposed. The more representative ones are: DCGAN
[16]which combines convolutional neural networkwithGANandConditionalGAN[17]
which adds precondition control generator to the input data. There are also LSGAN [18]
and WGAN [19], which have made great improvements to the loss function. Among
them, WGAN uses Wasserstein distance to measure the distribution distance, which
makes GAN more stable in training to a large extent. However, Ishaan et al. found that
WGAN uses a forced phase method to make the parameters of the network mostly focus
on −0.01, 0.01, which will waste the fitting ability of the convolutional neural network.
Therefore, they proposed the WGAN-GP model [20], which effectively alleviated this
problem, so it became a more classic model. The Evolutionary GAN [21] proposed by
Zhang et al. is a variant model of a generative adversarial network based on evolutionary
algorithms. It will perform mutation operations when the discriminator stops training
to generate multiple generators as adversarial targets. In different environments (that is,
the current discriminator), a specific evaluation method is used to evaluate the quality
and diversity of the generated pictures. This series of operations can reserve one or
more generators with strong performance for the next round of training. This method
of overcoming the limitations of single adversarial target has been proven to be able to
keep the best offspring all the time, effectively alleviate the problem of mode collapse
and improve the quality of the generator.
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Recently, many scholars use GAN to enhance training data samples. The article [22]
uses GAN to enhance the data of human faces and handwritten fonts. Ibrahim et al. [23]
used the improvement of PGGAN to expand the data set of skin injury and improved
the classification accuracy. Maayan et al. [24] used DCGAN and ACGAN to expand the
data of liver medical images, and proved that the classification effect of DCGAN in this
data set is improved more. Compared with affine transformation, GAN can be used to
generate images with new features by learning the real distribution.

Considering that Evolutionary GAN can improve the diversity and quality of gener-
ated samples, this paper uses Evolutionary GAN to enhance cardiac magnetic resonance
image data. The main contributions of this paper are as follows:

1) A cardiac magnetic resonance medical image data enhancement method based on
Evolutionary GAN is proposed, which generates high-quality and diverse sam-
ples to expand the training set, and finally improves the various indicators of the
classification results;

2) Combining the linear interpolation of feature vectors in Evolutionary GAN to syn-
thesize new training samples and generate related linear interpolation labels, which
not only expands the distribution of the entire training set, but alsomakes the discrete
sample space continuous and improves the smoothness between fields, so that the
model can be better trained.

3) We use various indicators of downstream classification tasks to optimize the model
and experimental details.

2 Evolutionary GAN

The training process of Evolutionary GAN can be divided into three stages: the first stage
is mutation, that is, the parent generator is mutated into multiple offspring generators;
the second stage is evaluation, that is, the adaptive score of each offspring generator
of the current discriminator is calculated through the fitness function; the third stage is
selection, that is, the offspring generator with the highest adaptive score is selected by
sorting. The basic structure of the Evolutionary GAN is shown in Fig. 2:
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Fig. 2. The structure of Evolutionary GAN

2.1 Mutation

Evolutionary GAN uses different mutation methods to obtain offspring generators based
on parent generators. Thesemutation operators are actually different training targets. The
purpose is to reduce the distance between the generated distribution and the real data
distribution through different angles. It should be noted that the best discriminator D*
in formula (2) should be trained before each mutation operation.

D(x) = Pdata(x)

Pdata(x) + Pg(x)
(2)

Zhang et al. proposed three mutation methods:

1) Maximum and minimum value mutation: the mutation has little change to the
original objective function, which can provide effective gradient and alleviate the
phenomenon of gradient disappearance. It can be written as formula (3):

Mminimax
G = 1

2
EzPz

[
log(1 − D(G(z)))

]
(3)

2) Heuristic mutation: heuristic mutation aims to maximize the log probability of the
discriminator’s error. When the discriminator judges the generated sample as false,
the heuristic mutation will not be saturated, and can still provide effective gradient
so that the generator can be continuously trained. It can be written as formula (4):

Mheuristic
G = 1

2
EzPz (4)

3) Least squares mutation: inspired by ISGAN, least squares mutation can also avoid
vanishing gradient. At the same time, compared with heuristic mutation, the least
square mutation does not generate false samples at a very high cost, but it does not
use very low cost to avoid punishment, which can avoid model collapse to a certain
extent. It can be written as formula (5):

M least−square
G = EzPz

[
D(G(z) − 1)2

]
(5)
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2.2 Fitness Function

Evolutionary GAN uses the fitness function to evaluate the generator’s performance and
quantifies it to the corresponding adaptability score, which can be written as formula
(6):

F = Fq + γFd (6)

Fq is used to measure the quality of the generated samples, that is, whether the
offspring generator can fool the discriminator, which can be written as formula (7):

Fq = Ez[D(G(z))] (7)

Fq measures the diversity of the generated samples. It measures the gradient gen-
erated when the parameters of the discriminator are updated again according to the
offspring generator. If the samples generated by the offspring generator are relatively
concentrated (lack of diversity), it is easier to cause large gradient fluctuations when
updating the discriminator parameters, which can be written as formula (8):

Fd = −log
∥∥∇D − Ex

[
logD(x)

] − Ez
[
log(1 − D(G(z)))

]∥∥ (8)

γ (≥ 0) is a hyperparameter used to adjust the quality of samples generated and the
weight of diversity, which can be adjusted freely in the experiment.

3 Method

In this paper, we design a data enhancement model of cardiac magnetic resonance med-
ical image based on Evolutionary GAN, which can generate high-quality and diverse
samples to expand the training set. The linear interpolation of related labels is generated
by combining the linear interpolation of feature vector, which expands the distribution
of training set and makes the discrete sample space continuous, so that the model can
be trained better. The specific network structure is shown in Fig. 3:

3.1 DAE GAN

Using GAN for data enhancement requires high quality and diversity of samples. Evo-
lutionary GAN can be stably trained and can generate high-quality and diverse samples,
so it is very suitable for data enhancement. By adjusting the parameters in the fitness
function, you can choose to focus on diversity or quality according to your needs, which
can make the data enhancement process more operative. This article improves the Evo-
lutionary GAN and names the improved model Data Augmentation Evolutionary GAN
(DAE GAN).

There is no difference between the input and output of EvolutionaryGANandVanilla
GAN, except that after the discriminator parameters are fixed, multiple offspring gener-
ators are mutated based on the parent generator for training. After the evaluation of the
fitness function, the optimal one or more generators are selected as the parent generator
in the next discriminator environment.
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Fig. 3. The proposed network

Although Evolutionary GAN greatly improves the diversity of generated samples,
a certain number of training samples are required if you want to fully train the GAN
model. In the case of too few training samples, the generator and discriminator are prone
to reach the equilibrium point prematurely, which will also cause the phenomenon of
model collapse in the generated data. In order to alleviate this problem, this paper uses
the traditional affine transformation data enhancement method before training GAN,
and expands the data through horizontal flip, vertical inversion, translation, rotation and
other operations. Due to the security of medical images, the original data is not added
with noise, crop and other operations, and the texture and edge features of the original
data are retained as far as possible. But traditional data enhancement only makes small
changes to the original data, and does not generate new features, and the samples are
also discrete. Thus, this article introduces the linear interpolation.

Zhang et al. proposed a data-independent data enhancement method in the article
[25]. This method constructs virtual training samples from original samples, combines
linear interpolation of feature vectors to synthesize new training samples and generates
related linear interpolations Labels to expand the distribution of the entire training set.
The specific formula is as formula (9):

{
x̃ = λxi +

(
1 − λxj

)

ỹ = λyi +
(
1 − λyj

) (9)

xi, xj is the original input vector, yi, yj is the label code, (xi, xj), (yi, yj) are two samples
randomly sampled from the original sample, λ ∈ Beta[α, α] is the weight vector, and
α ∈ (0,+∞) is the hyperparameter that controls the interpolation strength between
the feature and the target vector. The linear interpolation method enables the model to
behave linearly when processing the area between the original sample and the sample, so
as to reduce the inadaptability of predicting test samples other than the training sample,
and enhance the generalization ability. At the same time, the discrete sample space can
be continuous and the smoothness between fields can be improved.
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When the generator parameters are fixed, the original input of the Evolutionary
GAN discriminator is two samples: one is the generated sample, the discriminator tries
to minimize the distance between the predicted label of the sample and “0”; the other is
the real sample, the discriminator is minimized as much as possible the distance between
the predicted label of this sample and “1”. The discriminator loss function of the original
Evolutionary GAN is as formula (10):

LD = LReal + LFake (10)

The discriminator loss function is expanded into formula (11) as follow:

E
x,z

L(D(x), 1) + E
x,z

L(D(G(z)), 0) (11)

This paper uses linear interpolation operation in Evolutionary GAN to modify the
discriminator input from the original two pictures to one picture, and the discriminator
task is changed tominimize the distance between the predicted label of the fusion sample
and “λ”. The loss function of discriminator is modified as formula (12):

E
x,z,λ

L(D(λx + (1 − λ)G(z)), λ) (12)

3.2 Algorithm

Usually GAN will use the noise z that obeys the multivariate uniform distribution or
multivariate normal distribution as the input of the model. Matan et al. [26] believe that
multiple Gaussian distributions can better adapt to the inherent multi-modality of the
real training data distribution, so a multi-modal distribution is used as input in GAN and
it is proved that this method can improve the quality and variety of generated images.
The algorithm combined with Gaussian mixture model in this paper is as follows:
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Input: N, K, D, BS, M and . The total number of iterations N, the number of 
Gaussian distributions K, latent spatial dimension D, batch size BS, the number of 
mutation operations M, hyper-parameters .

Output: the updated weight of discriminator and generator parameters. 
Step1. Initialize the discriminator parameter  and generator parameter 
Step2. Gaussian distribution operation 
cycle 1 start:  for k = 1 : K

Step2.1. Sample the initial mean of the Gaussian distribution K
Step2.2. Initialize the covariance matrix of Gaussian distribution K

cycle 1 end 
cycle 2 start:  for n = 1 : N

Step3. Train discriminator 
cycle 3 start:  for j = 1 : BS

Step3.1. Sample a real image 
Step3.2. Sample Gaussian index
Step3.3. Sample noise from the k-th Gaussian distribution
Step3.4. Input the noise into the generator to synthesize a sample
Step3.5. Perform linear interpolation on real samples and synthetic samples, 

interpolate new samples and labels
Step3.6. Calculate the loss of discriminator

cycle 3 end 
Step3.7. Calculate the average loss of discriminator 
Step3.8. Update the discriminator parameter 
Step4. Train generator 
cycle 4 start:  for m = 1 : M

cycle 5 start:  for j = 1 : BS
Step4.1. Sample Gaussian index 
Step4.2. Sample noise from the k-th Gaussian distribution 
Step4.3. Input the noise into the generator to synthesize a sample 
Step4.5. Perform a mutation operation on the parent generator and use the 

offspring generator to generate samples 
Step4.6. Calculate the loss of the offspring generator 

cycle 5 end 
Step4.7. Calculate the average loss of the offspring generator 
Step4.8. Update the parameter of the offspring generator 
Step4.9. Calculate the adaptive score of the offspring generator 

cycle 4 end 
Step4.10. Sort the offspring generators in descending order according to the 

adaptive score 
Step4.11. Leave the offspring generator with the highest adaptive score in the 

current environment and use it as the parent generator for the next iteration 
cycle 2 end 
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4 Results Analysis

4.1 Data Set and Preprocessing

The cardiovascular magnetic resonance data in this experiment comes from a partner
hospital. All samples are 2D short-axis primary T1 mapped images. The spatial distance
of these cardiac magnetic resonance images ranges from 1.172 × 1.172 × 1.0 mm3 to
1.406 × 1.406 × 1.0 mm3, and the original pixel size was 256 × 218 × 1. The benign
and malignant labeling and segmentation areas of the image are manually labelled and
drawn by senior experts. The original image data is in the “.mha” format. The original
image data was in “.MHA” format. After preprocessing, such as resampling, selection of
regions of interest, normalization andfinal selection of interest, a total of 298 imageswere
obtained, including 221 cardiomyopathy images and 77 non-diseased images. The image
size after preprocessing was 80 × 80 × 1. The pretreated cardiac magnetic resonance
image is shown in Fig. 4.

Fig. 4. Cardiac magnetic resonance image

In order to ensure the consistency of training data, all samples are normalized in this
experiment. Before training GAN, this experiment performed affine transformation data
enhancement on the training set, including: horizontal flip, vertical flip, 0°–20° random
amplification and rotation, 90°, 180°, 270° rotation, 0–2% random amplification and
translation of vertical and horizontal axes, small and specific amplitude amplification
and rotation, and amplification translation, so as to make the data not lose the original
image information. After the training set is enhanced once, it is divided into two types
of operations: one is to put it into the classifier for training directly, and then use the test
set to get the classification results; the other is to put it into different GAN for training,
and finally generate new samples to train the classifier again.

4.2 Training DAE GAN

The original evolutionary GAN uses the structure of DCGAN. In this paper, we consider
that the residual structure [27] can alleviate the gradient vanishing problemand accelerate
the convergence speed of the model, so as to train the high-performance generator more
quickly in the same training time. The residual structure as shown in Fig. 5 is used in
the generator and discriminator in this article.
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Fig. 5. Residual block structure

Combined with the self-attention module [28], the detailed structure of the generator
and discriminator and the output size of each layer are shown in Table 1.

DAE GAN experimental environment: Ubuntu 16.04.1 TLS, Tensorflow 1.14.0, two
Nvidia Tesla M40 GPU with 12 GB video memory used to train the generative models
of diseased and non-diseased samples respectively. The maximum storage capacity of
the model is set to 4, taking into account the space occupation and preventing accidental
interruption.

4.3 The Generation Results of DAE GAN

This experiment uses 5-fold cross validation to dynamically divide the heart magnetic
resonance image into a training set and a test set at a ratio of 0.8:0.2. Training DAE
Gan only uses the training set. Due to the uncertainty of deep convolution model in the
training process, each model was trained several times (≥5), and the specific effect of
data enhancement method was verified by average classification results.

After normalization and affine transformation, the training set of the cardiacmagnetic
resonance image data is expanded. We train DAE GAN model following the steps of
Algorithm 1. In order to intuitively show the training process of the generative model,
Fig. 6 shows the changing process of the samples generated in the training process of
the model.

The comparison between the samples generated by the trained model generator and
the real samples is shown in Fig. 7.
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Table 1. The structure of DAE GAN

Generator Kernel size

Noise z
—

Fully Connected Mapping
—

Residual Structure 3 × 3

Residual Structure 3 × 3

Self-attention Module
—

Residual Structure 3 × 3

Residual Structure 3 × 3

Convolutional Layer & tanh 3 × 3

Discriminator Kernel size

Input Image
—

Convolutional Layer 3 × 3

Residual Structure 3 × 3

Self-attention Module
—

Residual Structure 3 × 3

Residual Structure 3 × 3

Residual Structure 3 × 3

Fully Connected Layer
—

4.4 Classification Experiment and Analysis of Experimental Results

Observation method has strong subjectivity. In this experiment, data enhancement is
performed on small sample medical images, as a result, the observation method can
only be used as a reference evaluation standard. In order to evaluate the effect of data
enhancement, this article uses the ResNet50 model and the Xception model [29] as a
classifier, the classification results are used to uniformly evaluate the effects of various
data enhancement methods.

In addition to the conventional accuracy index, the sensitivity and specificity of two
medical image classification indexes are also calculated. These indicators are briefly
explained below.

The accuracy rate, that is, the probability that the diseased sample and the non-
diseased sample are judged correctly. The calculation method is as formula (13):

Accuracy = TP + TN

TP + TN + FP + FN
(13)
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Fig. 6. The changing process of generated sample

Fig. 7. Comparison of generated samples with real samples

Sensitivity, namely the probability that a diseased sample is judged to be diseased.
The calculation method is as formula (14):

Sensitivity = TP

TP + FN
(14)
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Specificity, namely the probability of judging a non-diseased sample as non-diseased.
The calculation method is as formula (15):

Specificity = TP

TP + FN
(15)

TP represents True Positive, namely the classifier judges it to be a diseased sample,
which is in fact also a diseased sample;TN represents TrueNegative, that is, the classifier
judges it to be a non-diseased sample, which is in fact not a diseased sample. FP is short
for False Positive, namely the classifier judges it to be a diseased sample, which is in
fact a non-diseased sample; FN is short for False Negative, that is, the classifier judges
that the sample is not diseased, but is actually a diseased sample.

In this article, the classification experiment uses the Keras framework under the
Ubuntu 16.04.1 TLS system environment, the version number is 2.24; the training pro-
cess uses a Tesla M40. The learning rate is set to 1e−4, and we use the RMSprop
optimizer, setting early stopping method to prevent over-fitting, and the 5-fold cross-
validation method is used to find the average classification result of the classifier. Table 2
details the average classification results of each enhancement methods in the ResNet50
and Xception classification models.

Table 2. The classification results of enhancement methods

Enhancement method Accuracy Sensitivity Specificity

Classification Network 1: ResNet50

No Enhancement 0.7767 0.9674 0.6964

Affine Transformation 0.8093 0.9806 0.7300

DCGAN 0.8140 0.9760 0.7436

ACGAN 0.7915 0.9728 0.7127

Evolutionary GAN 0.8288 0.9726 0.7591

Our Method 0.8478 0.9772 0.7822

Classification Network 2: Xception

No Enhancement 0.7953 0.9765 0.6833

Affine Transformation 0.8279 0.9700 0.7696

DCGAN 0.8326 0.9672 0.7239

ACGAN 0.8054 0.9731 0.7082

Evolutionary GAN 0.8514 0.9780 0.7821

Our Method 0.8698 0.9798 0.8116

Through the experiments, we found that compared with the classification results
without any data enhancement method, in ResNet50 model, the classification accuracy
increased from 0.7767 to 0.8478, the sensitivity from 0.9674 to 0.9772, the specificity
from 0.6964 to 0.7822; in Xception model, the classification accuracy increased from
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0.7953 to 0.8698, the sensitivity from 0.9765 to 0.9798, and the specificity from 0.6833
to 0.8116.

5 Conclusion

The DAE GAN model proposed in this paper can effectively expand the amount of
cardiac magnetic resonance image data, and effectively alleviate the problem that the
classification network cannot be fully trained due to the small amount of medical image
data and the uneven data. Compared with any data enhancement method, the classifica-
tion accuracy of DAE GAN in ResNet50 and Xception models has been improved by
7.11% and 7.45% respectively; compared with affine transformation data enhancement,
the method proposed in this paper has been improved by 3.85% and 4.19% respectively,
and the experimental results show that the method is effective in different classification
models.

Funding Statement. This work was supported in part by the Sichuan Science and Technol-
ogy Program under Grant 2019ZDZX0005 and the Chinese Scholarship Council under Grant
201908515022.
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