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Abstract: Medical image datasets are usually imbalanced due to the high costs of obtaining the
data and time-consuming annotations. Training a deep neural network model on such datasets to
accurately classify the medical condition does not yield the desired results as they often over-fit the
majority class samples’ data. Data augmentation is often performed on the training data to address
the issue by position augmentation techniques such as scaling, cropping, flipping, padding, rotation,
translation, affine transformation, and color augmentation techniques such as brightness, contrast,
saturation, and hue to increase the dataset sizes. Radiologists generally use chest X-rays for the
diagnosis of pneumonia. Due to patient privacy concerns, access to such data is often protected. In
this study, we performed data augmentation on the Chest X-ray dataset to generate artificial chest
X-ray images of the under-represented class through generative modeling techniques such as the
Deep Convolutional Generative Adversarial Network (DCGAN). With just 1341 chest X-ray images
labeled as Normal, artificial samples were created by retaining similar characteristics to the original
data with this technique. Evaluating the model resulted in a Fréchet Distance of Inception (FID)
score of 1.289. We further show the superior performance of a CNN classifier trained on the DCGAN
augmented dataset.

Keywords: chest X-ray; DCGAN; Fréchet Distance of Inception; medical imaging; data augmentation;
classification; CNN

1. Introduction

Datasets for medical imaging are limited in size due to privacy issues and annotation
costs. Deep learning techniques need massive data to train effective models for image
detection, segmentation, and classification. Getting annotation of medical images is expen-
sive and time-consuming, leading to only small amounts of labeled medical imaging data
for image classification tasks. Data augmentation is commonly used in deep learning to
expand data and prevent over-fitting in such data-limited situations. In such data-limited
situations, to increase the training data’s size, data augmentation techniques are usually
performed. However, it is not guaranteed to be advantageous in domains with limited data,
especially medical image data, and could lead to further over-fitting [1]. We investigated
the use of Deep Convolutional Generative Adversarial Networks for generating chest X-ray
images to augment the original dataset. This study’s main contribution is demonstrating
the superiority of generative adversarial network based data augmentation.

The rest of the paper is structured as follows. In Section 2, we briefly review the related
work. Section 3 introduces the methods and materials used and referred to throughout
the paper. Section 4 evaluates the results obtained. Section 5 discusses the comparative
performance. Section 6 presents the conclusions.

1.1. Generative Adversarial Network (GAN)

Ian Goodfellow and his colleagues introduced Generative Adversarial Networks
(GANs) in 2014 [2], and Ian Goodfellow is often considered the inventor of GAN. GANs
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utilize two neural networks: a generator network and a discriminator network. Both
are deep neural networks. A Generator network takes random noise as input to create
samples (data) as realistic as possible to the original dataset, and a discriminator network
distinguishes between real (actual data) and data (generated data) data, as shown in
Figure 1.
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Figure 1. Generative Adversarial Network Architecture.

GANs are a framework that learns to produce realistic objects that are difficult to
differentiate from existing real objects, i.e., GANs capture the distribution of training data
and generate new examples from the same distribution. GANs are versatile models that
consist of two components, typically two distinct neural network models: a generator and
a discriminator. The goal of the generator network is to produce plausible/fake examples.
In contrast, the discriminator network’s goal is to differentiate between the real example
from the training data and the fake example generated from the generator network.

Intuitively, one can think of the generator network as a forger that forges fake examples
to try to look as realistic as possible and the discriminator network as an inspector that tries
to tell which ones are real and which ones are fake. During training, the generator network
gets better and better at producing artificial examples. In contrast, the discriminator learns
to become a better investigator and properly distinguish the real and fake samples, i.e.,
it learns to model the probability of an example being real or fake. The probability of
an example being real or fake from the discriminator is the one that helps the generator
network to produce better examples/samples over time. This game’s equilibrium is where
the generator produces realistic fake examples that look similar to actual examples from
the training data. Simultaneously, the discriminator is left guessing at a 50% probability
that the generated example is real or fake.

1.2. Deep Convolutional Generative Adversarial Network (DCGAN)

The DCGAN proposed by Radford et al. [3] is an extension of the original GAN [2],
except that the discriminator network and generator network explicitly use convolutional
and convolutional-transpose layers, respectively. In Section 3.1, we show the detailed
architecture of the generator network, which maps the latent space vector (z) to dats space,
and the presence of the batch normalization layers assist with healthy gradient flow during
training [3]. Section 3.2 shows the detailed components of the discriminator network, which
takes an image as input and outputs a scalar probability that the input image is real or fake.
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Instead of pooling to downsample, the discriminator network uses strided convolutional
layers. It helps the network learn its own pooling feature, and, again, the presence of batch
normalization layers and leaky ReLU activations facilitate healthy gradient flow during
training [3].

2. Related Work

Data augmentation in the medical image domain is an active research field. In recent
years, GANs have been employed by researchers to augment the datasets with various
levels of success. Yi et al. [4] surveyed the same. We present a brief list of relevant
works here. Chuquicusma et al. [5] proposed to use unsupervised learning with Deep
Convolutional Generative Adversarial Networks (DC-GANs) to generate realistic lung
nodule samples and evaluated the quality of generated nodules by presenting Visual
Turing tests to two radiologists. Salehinejad et al. [6] demonstrated that augmenting the
original imbalanced dataset with DCGAN generated images improved chest pathology
classification performance. Madani et al. [7] utilized deep convolutional generative ad-
versarial networks in a semi-supervised learning architecture for classification of cardiac
abnormality in chest X-rays. Madani et al. [8] investigated DCGAN for generating chest
X-ray images to augment the original dataset and trained a convolutional neural network
to classify the images for cardiovascular abnormalities, which showed higher classifica-
tion accuracy. Frid-Adar et al. [9] explored the use of GANs for data augmentation of
liver lesion medical images. They showed that the GAN model used for synthetic data
augmentation of liver lesion images improved the convolutional neural network (CNN)
performance for liver lesion medical image classification. Bermudez et al. [10] used GANs
for the unsupervised T1-weighted brain MRI synthesis by learning from 528 examples of
2D axial slices of brain MRI. Mondal et al. [11] explored generative adversarial networks
for 3D multi-modal medical image segmentation and observed a significant performance
improvement compared to the state-of-the-art segmentation networks. Lahari et al. [12]
demonstrated the generative adversarial network framework for a structured prediction
model for medical image segmentation and observed that the model outperformed fully
supervised benchmark models by significant margins.

3. Materials and Methods

We used X-ray image data obtained by Kermany et al. [13] in the experiment. The
dataset was already organized by Kermany et al. [13] into three folders (train, validation,
and test). Each folder contained sub-folders for each image category (Normal/ Pneumonia).

The train folder consists of 5216 X-ray images (1341 images labeled as Normal and
3875 images labeled as Pneumonia). There are 16 X-ray images in the validation folder,
and 624 X-ray images in the test folder. It is evident that the data in the train folder are
imbalanced, with the majority of the data labeled as Pneumonia, and training a deep neural
network to classify the data among two categories will over-fit the data. This experiment
augmented the Normal chest X-ray images by Deep Convolutional Generative Adversarial
Networks (DCGAN). Figure 2 shows the architecture of the DCGAN.

First, because of GPU memory limitations, the images were resized to 128× 128 pixels.
Second, the images were scaled to a [−1,1] pixel value range to match the generator’s
output as it uses the Tanh activation function. In this architecture, the generator network
takes a 100 × 1 noise vector as input. There are then four convolutional-transpose layers
with batch norm layers applied with the ReLU activation function interlaced in-between to
scale to the appropriate 128 × 128 × 3 image size. A 128 × 128 × 3 image is taken as input
by the discriminator network, followed by five strided convolution layers with batch norm
layers and leaky ReLU as an activation function. A sigmoid activation function follows the
last strided convolution block’s output to output whether the image is real (original data)
or fake (generated data).
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Figure 2. Deep Convolutional Generative Adversarial Network Architecture.

3.1. Generator Network

The detailed architecture of the generator network is shown in Figure 3. First, a
generator network takes a 100 × 1 random noise vector as an input, which is fed to the
dense layer to reshape the random noise vector to a representation of 8 × 8 × 1024. Second,
to generate an image of size 128 × 128 × 3, the output from the dense layer is followed
by a series of convolution-transpose layers to upsample the representation. Third, ReLU
activation [14] is used, except for the output layer that uses Tanh activation, for all layers
within the network. This enables the model to learn to saturation quickly and cover the
training distribution’s color space [3]. Fourth, batch normalization [15] is used for all
layers, except for the output layer, which normalizes the input to have zero mean and unit
variance to stabilize the learning process. In this architecture, we use four convolution-
transpose layers to upsample the representation of size 8 × 8 × 1024 to an image of size
128 × 128 × 3.
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Output: 128 x 128 x 3

Figure 3. Generator Network Architecture.

3.2. Discriminator Network

The goal of the discriminator network is to classify if the images are real or fake. The
detailed architecture of the Discriminator Network is shown in Figure 4. The discriminator
network takes images of size 128 × 128 × 3 as input, a combination of real images from the
original dataset and the generated images from the generator network. In this network, the
input image undergoes a series of convolutions, followed by a sigmoid activation function
to output if the image is real or fake. As suggested by Radford et al. [3], each convolution
block is followed by a LeakyReLU activation function [16] and Batch Normalization [15] is
applied to all the layers in the network, except for the input layer.
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Figure 4. Discriminator Network Architecture.

3.3. GAN Objective Function

The objective of the GAN is to minimize the distance between the generated data
probability distribution and real data probability distribution. In this study, we used
the minimax loss introduced by Goodfellow et al. [2], which is given by Equation (1),
where the generator network tries to minimize the loss function, and the discriminator
network tries to maximize the same loss function. Thus, the GAN’s learning method is
to simultaneously train discriminator and generator networks, which is a minmax game
between the discriminator and the generator.

min
G

max
D

VGAN(D, G) = Ex∼pdata(x)[log D(x)] +Ez∼pz(z)[log(1− D(G(z)))]. (1)

where Ex∼pdata(x) is the expected value over all real instances, Ez∼pz(z) is the expected value
over all the fake instances, pz(z) is the random noise variable sampled from a standard
normal distribution, G(z) is the generator function that maps to the data space, x represents
original data, and D(x) is the probability that x came from the original data distribution
rather than the generated data distribution [2].

The goal of G is to estimate the distribution that the training data came from pdata so
it can generate fake samples from that estimated distribution pg [2]. The discriminator D
tries to maximize the likelihood that real images and fake images log D(x) are correctly
classified. Likewise, the generator G tries to minimize log(1− D(G(z))). Theoretically,
the solution to this minmax game is where pg = pdata, such that the discriminator guesses
randomly if the inputs are real images (training data) or fake images (generated data).
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However, GAN’s theory of convergence is still actively studied, and, to this extent, the
models are not trained.

3.4. Loss Function

The discriminator network’s job is to classify the real images from the fake images,
which is considered a binary classification problem. Thus, we use binary cross-entropy
(BCE) as the loss function, which is given by Equation (2).

JBCE(θ) = −
1
M

M

∑
m=1

[ym × log(hθ(xm)) + (1− ym)× log(1− hθ(xm))] (2)

where M is the number of training examples in a mini-batch, ym is the target label for
training example m (the real label is 1 and the fake label is 0), xm is the input for training
example m, and hθ is the model with neural network weights θ.

At the beginning of the equation, the summation sign indicates that we are summing
over the variable M, i.e., taking the average cost of all the examples in the entire batch.
The first term, ym × log(hθ(xm)), is the product of the true label ym times the log of the
prediction, which is hθ(xm) features parameterized by θ for the model that penalizes the
probabilistic false negatives. In the perfect case, if the training model outputs 1, then the
loss is − log(1) = 0 and the training example is a real image. The same logic applies for the
second term, (1− ym)× log(1− hθ(xm)), that penalizes the probabilistic false positives.

4. Results

DCGAN training consists of two steps: (1) training the discriminator network; and
(2) training the generator network. The objective is to train the discriminator to correctly
classify the input image as real or fake and train the generator to produce better fake
examples. First, the discriminator is trained with a batch of real examples to calculate
log D(x). Second, the generator creates a batch of fake samples, and then the discriminator
is trained with this batch of fake examples to calculate log(1− D(G(z))). We trained the
DCGAN for 500 epochs, and the DCGAN was able to produce images that resembled chest
X-ray images in about 50 epochs. Then, the quality of generated images further improved
over 500 epochs.

For comparison, we show a grid of real images (original data) and fake images
(generated images) in Figure 5. During the GAN training, we simultaneously calculated
the loss and accuracy of the discriminator and generator network. Referring to Section 3.3,
a typical GAN model converges to a stable equilibrium when the discriminator loss is
about 0.5, where the discriminator network is left to guess that the image is real or fake
randomly. Simultaneously, the discriminator network’s accuracy on both real and fake
images should be greater than 50%.

Figure 6 shows the loss and accuracy during the generator and discriminator training,
where the generator loss and discriminator loss for both real and fake images is around
0.5, and the accuracy of the discriminator network is around 60–70%, indicating the GAN
model converged to a stable equilibrium.
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Figure 5. Images from the original dataset (real) and images generated by the generator of DCGAN (fake).

(a) Loss. (b) Accuracy.

Figure 6. Generator and discriminator network loss and accuracy during training.

4.1. Evaluation

Deep learning models are usually trained with a loss function until neural network
convergence. There is no loss function to train GAN generator models in order to objectively
access the training progress and quality of the samples generated by the model from either
the loss of the discriminator network or the loss of the generator network [17] because
GANs are trained with two neural networks simultaneously to achieve a Nash equilibrium.
In general, to access the quality of the generated images based on the GAN models’
performance, two techniques have been developed: (1) quantitative measures such as
average log-likelihood, Inception Score (IS) [17], Fréchet Inception Distance (FID) [18],
Maximum Mean Discrepancy (MMD) [19], etc.; and (2) qualitative measures such as
nearest neighbours, rating and preference judgment, evaluating mode drop and mode
collapse [20], etc. IS and FID are two widely accepted GAN evaluation measures [21]. In
this work, we evaluate the DCGAN model using the FID measure.

4.1.1. FréChet Distance of Inception

The FID score is a measure used to evaluate the performance of GANs based on the
quality of generated images. It captures the similarity of the generated images to the real
images proposed by [18], which is an improvement on IS [17]. The FID score is calculated
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using the statistics of generated images to real images using the Fréchet distanc,e also
known as Wasserstein-2 distance, between the two multivariate Gaussians and is given by
Equation (3),

dFID(x, g) =
∥∥µx − µg

∥∥2
+ Tr

[
Σx + Σg − 2

(
ΣxΣg

) 1
2

]
(3)

where µx and µg are the feature-wise mean of real and generated images, respectively;
Σx and Σg are the covariance matrix of real and generated images, respectively; Tr is
the trace which is the sum of the elements along the main diagonal of the square matrix;
and Xx ∼ N (µx, Σx) and Xg ∼ N (µg, Σg) are the 2048-dimensional activations of the
Inception-V3 pool3 layer for real images and generated images, respectively.

To calculate the Gaussian statistics (mean and covariance), the number of samples
(real images and generated images, respectively) should be greater than the coding layer’s
dimension, i.e., the samples should be greater than 2048 for the Inception-V3 pool 3 layer.
Otherwise, there is no full rank of covariance matrix, resulting in NANs and complex
numbers. Since we had very limited samples (fewer than 2048) in our training dataset, we
could not take advantage of the Inception-V3 pool 3 layer, so we used the previous layer,
a Pre-aux classifier, a 768-dimensional feature. We then calculated the (FID score using
pyt [22], and the model achieved an FID score of 1.289 (lower scores correspond to better
GAN performance).

4.1.2. Comparative Evaluation

Further, we evaluated the comparative performance of DCGAN augmentation method.
Improved data augmentation reduces over-fitting and results in better test accuracy. Thus,
we trained a neural network classifier using GAN augmented dataset along with traditional
augmented datasets with the architecture shown in Figure 7. The network takes an image
of size 224 × 224 × 3 as an input, which is followed by two convolution layers to output a
representation of size 224 × 224 × 16 and is subjected to the MaxPooling layer to output a
representation of size 112 × 112 × 3. The output from the MaxPooling layer is subjected
to four Convolutional blocks, where each convolution block consists of two separable
convolution layers with ReLU activation, batch normalization, maxpooling, and dropout
to output a representation of size 7 × 7 × 256. The 7 × 7 × 256 representation is flattened
and then passed on to a series of dense blocks, which consists of a dense layer with batch
normalization and dropout. The output from the last dense block is passed on to the
softmax layer to output the probability of an image as Normal or Pneumonia. We used
accuracy and receiver operating characteristics as evaluation metrics for model comparison.

Table 1 provides evidence that GAN based data augmentation results in improved
accuracy of the classifier, which is also supported by the metrics of the confusion matrix,
as shown in Table 2. While traditional data augmentation methods result in accuracy
above 92%, GAN augmentation results in an accuracy of 95.5%. Contrast and brightness
adjustment methods averaged 92% accuracy with varying levels of precision and recalls.
Random crop and random flip methods have relatively better performance compared to
adjustment methods, but still are inferior to GAN-based data augmentation.
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Input Image: 224 x 224 x 3

Conv2D, ReLU, Output size : 224 x 224 x 16
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Output: 56 x 56 x 32, Dropout(0.2) 
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Dense Block, Output: 128

Softmax, Output: 2
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Output:  7 x 7 x 256, Dropout(0.2)

Flatten, Output: 12544

Dense Block, Output: 512

Dense Block, Output: 64
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2 x SeparableConv2D + ReLU + 
Batch Normalization + MaxPooling2D 

Input

Dense + ReLU + Batch Normalization + 
Dropout

Convolution Block

Output

Dense Block

Output

Figure 7. Convolutional Neural Network Architecture.

Table 1. Classification performance metrics.

Model/ Method Accuracy Precission Recall F1 Score AUC FPR TPR

Randomflip-leftright 94.9 96.39 96.6 96.5 93.4 0.09 0.97
RandomCrop 94.71 95.31 97.54 96.42 92.31 0.13 0.98
ClipByValue 94.11 95.17 96.84 96 91.8 0.13 0.97

AdjustBrightness 92.91 94.37 96.02 95.18 90.28 0.16 0.96
AdjustContrast 92.58 97.41 92.29 94.77 92.83 0.07 0.92

GAN 95.5 96.2 97.7 97 93.6 0.1 0.98

Table 1 presents the area under the ROC curve (AUC) for all data augmentation
methods. The table shows that the GAN-based methods resulted in AUC of 93.6%, which
is the best across all methods. While random flip method resulted in an AUC of 93.4%, all
other methods have less than 93% AUC.

Table 2. Confusion matrix.

Model/ Method True Negative False Positive False Negative True Positive

Randomflip-leftright 286 31 29 826
RandomCrop 276 41 21 834
ClipByValue 275 42 27 828

AdjustBrightness 268 49 34 821
AdjustContrast 296 21 66 789

GAN 284 33 20 835
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Figure 8 illustrates the ROC graphically. The graph confirms the superior performance
of GAN based data augmentation over traditional augmentation methods. The comparative
evaluation clearly demonstrates GAN methods superiority on both accuracy and ROC metrics.

(a) ROC Curve. (b) ROC Curve—Zoomed in at top left.

Figure 8. Receiver operating characteristics curve.

Prior GAN based medical image augmentation research focused on evaluating im-
age quality stand alone. Some works that evaluated the augmentation using ancillary
tasks such as classification reported accuracy, precision, and recall in the range of 90%.
Table 3 shows the details. While our task is different, the classification performance is better
than these results. Kermany et al. [13] attempted classification of the current dataset using
traditional augmentation methods and achieved an accuracy of 92.8%, sensitivity of 93.2%,
and specificity of 90.1%. Our proposed model outperformed the classification metrics,
achieving an accuracy of 95.5%, a precision of 96.2%, and a recall (sensitivity) of 97.7%.

Table 3. Comparative measures on prior work.

Work Dataset Method Accuracy Sensitivity Recall

Kermany et al. (2018) [13] Chest X-ray - 92.8 93.2 90.1
Salehinejad et al. (2017) [6] Chest X-ray DCGAN 92.1 - -

Madani et al. (2018) [8] Chest X-ray DCGAN 84.19 - -
Tang et al. (2018) [23] CT Lesions GAN - 94.4 87.8

5. Discussion

Usually, training deep learning models requires huge amounts of data. Data augmen-
tation is a common technique used to increase the dataset sizes in data-limited situations,
especially medical image datasets where there is limited access to the data due to the pa-
tients’ ethical/privacy concerns and high costs of obtaining the labeled data. In this study,
we applied deep convolutional generative adversarial networks (DCGAN) to generate
artificial chest X-ray images of the under-represented class (Normal) in the dataset that re-
sembles the Normal chest X-ray images from the original dataset. Our results demonstrate
that it is possible to generate plausible chest X-ray images using the DCGAN model with a
small dataset of 1341 chest X-ray images. The evaluation of the model using FID achieved a
score of 1.289, indicating that the synthetic images are close to the original images. Further,
a neural classifier trained on DCGAN augmented datasets have superior performance
compared to those generated using traditional methods. This higher performance indicates
that the DCGAN generated synthetic images, compared to traditional methods, present
additional information to the classifier, thereby reducing the over-fitting.

6. Conclusions

Researchers use data augmentation to increase the available sample size for training
deep learning models. In computer vision tasks, this means generating synthetic images
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from the original dataset. While there are numerous methods to achieve this, imbalanced
small sample sets create further challenges in the medical domain. The generation of
a large number of high-resolution synthetic images can improve classifier performance
significantly. This work demonstrates the utility of DCGAN methods for achieving the
same. Hence, researchers working in the medical image analysis domain can use DCGAN
for data augmentation and achieve better accuracy than traditional methods. In this study,
we achieved high-quality synthetic image generation using the cross-entropy loss function.
The future work can include the use of Wasserstein loss or Wasserstein loss with gradient
penalty to replace the minimax loss to improve the quality of the generated images. In
addition, combination methods such as stacking GAN samples with random cropping to
further enhance the dataset can be attempted.

7. Forthcoming Research

• To test the visual quality of the generated X-ray images, we intend to supply the
generated images to a clinician to label the images as either real or fake (generated).
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