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Abstract

Training deep learning models on imbalanced data sets
is difficult in practice because models tend to be biased to-
wards predicting the majority class [21]. This poses a par-
ticular challenge in the medical field, not only because the
minority class may often be a disease we are trying to di-
agnose, but also because of the high risk nature of medical
artificial intelligence (AI). In this paper we propose to re-
balance imbalanced datasets by oversampling using Gener-
ative Adversarial Networks (GANs) [11]. We intentionally
create an imbalanced dataset consisting of chest x-ray im-
ages labeled normal or pneumonia, with pneumonia images
being the minority class. In particular, we consider Con-
ditional Deep Convolutional Generative Adversarial Net-
works (cDCGANs), Deep Convolutional Generative Adver-
sarial Networks (DCGANs) [26] conditioned on class la-
bels [23]. For cDCGANs, we propose a new parameter α
that indicates the probability of a randomly generated class
label of 0. We then use these GANs to generate new syn-
thetic pneumonia images. We train a ResNet18 model [15]
on the new rebalanced datasets and compare their results to
baseline, as well as some more common machine learning
methods like undersampling, oversampling, class weights,
and compare precision, recall/sensitivity, specificity, and
the F1 score.

Our results show that DCGAN and cDCGAN-based
oversampling methods can outperform class weights and
classic resampling methods in terms of F1 score, and out-
perform the baseline across the board, making GANs a
valid method to rebalance datasets. Additionally, we found
that our proposed α hyperparameter can potentially be
used to tweak the sensitivity and specificity of the ResNet18
model.

1. Introduction

Use of artificial intelligence (AI) in the medical field is
becoming increasingly popular. However, it is frequently
the case that in many medical image datasets, healthy pa-
tient data tends to have higher prevalence, while diseased
data is rare. As a result, models trained on imbalanced
data can often become biased, resulting in high false neg-
ative rates [33]. This can lead to medical conditions being
left undetected, which leads to negative real world conse-
quences, causing models to be less reliable. It is thus im-
portant to improve the model’s performance despite the im-
balance. Go-to approaches to deal with imbalanced datasets
include oversampling, undersampling, class weighting and
SMOTE [3]. However, these approaches can cause overfit-
ting and may not be directly applicable for medical image
datasets.

One method to improve the model’s performance and re-
duce bias involves data augmentation [29] to create more
samples of the minority class. However, this data augmen-
tation takes the form of image flipping, rotation, scaling,
and others, which still involve the same image.

We propose to train Generative Adversarial Networks
(GANs) [11] on the minority class in order to generate di-
verse assorted minority class examples as a data augmenta-
tion step.

The GANs are trained on 128 × 128 grayscale chest X-
rays. Then, the generator is saved and used to take a random
noise vector as input and generate synthetic chest x-ray im-
ages as output. After using the synthetic chest x-ray images
to rebalance the dataset, we compare these different meth-
ods with a ResNet18 [15] model. This model takes chest
x-ray images as input, then performs binary classification,
outputting whether each chest x-ray is healthy or has pneu-
monia.
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2. Related Work
There are two main approaches when dealing with im-

balanced datasets — modifying the loss function or modi-
fying the dataset itself.

A very common method for modifying the loss function
is class weighting of the loss function [19]. These weights
are calculated by

wj =
n

c · nj

where w are the class weights, n is the total number of sam-
ples, nj is the number of samples of class j, and c is the
total number of classes. In a binary classification task, the
binary cross entropy loss can then be given by

L =
1

N

N∑
i=1

−w0(yi · log ŷi)− w1((1− yi) · log (1− ŷi))

This weighting can cause the minority class to have a bigger
class weight than the majority class and thus a bigger impact
on the loss function, compensating for the lack of instances
of the minority class.

Cost sensitive learning is a generalization of class
weights based approach— each misclassification is as-
signed a different cost based on a cost matrix [18]. For
example, the cost of a false negative may be higher than
that of false positive. One weakness of this method is that it
might take a lot of effort to find a good cost matrix.

Another technique, Label-Distribution-Aware Margin
loss (LDAM), proposed in [5], is similar to class weights
and cost sensitive learning [18] in that a single example
training loss depends on the label of the training example
and how it is classified by the model. LDAM is a specially
constructed loss function that is designed to maximize the
margins from the minority class examples to the decision
boundary, allowing to focus on minority examples close to
the decision boundary that are prone to misclassification.

A frequent approach taken to modify the dataset is over-
sampling of the dataset via image data augmentation [29],
which is a technique that is utilized in many state-of-the-art
applications to generate more data at training time. This can
involve height and width translations to encourage transla-
tion invariance for model predictions, and rotations for ro-
tational invariance. Cropping is used to encourage model to
learn to classify correctly even when looking at only a part
of the image. The advantage of such a technique is that it
is easy to generate lots of new training images. However in
the medical context, a disadvantage is that data augmenta-
tion still preserves the overall structure of each individual
medical image. This may prove to be an obstacle if there
is a small number of patients, as augmentation may not be
able to make the model robust to different manifestations of
the disease.

SMOTE [3] and SMOTE-like methods like BorderlineS-
MOTE [12] and ADASYN [14] are common machine learn-
ing methods that oversample the minority class by gener-
ating synthetic data. In SMOTE methods, to oversample
based on a minority class example x, we consider the k
nearest minority class neighbors (where k is a hyperparam-
eter), take a random such neighbor x′, and generate a ran-
dom synthetic example from the line segment connecting x
and x′ by randomly choosing a point on the segment. We
continue oversampling via this process for random x until
we sample enough synthetic examples as needed. Border-
lineSMOTE and ADASYN are modifications of SMOTE
where only a subset of the minority examples x are sampled,
namely samples on the borderline and samples according to
a density distribution, respectively. While SMOTE-based
methods may be useful for numerical data, it is not practi-
cal for image purposes, since individually generating each
pixel will not result in visually useful images.

Generating synthetic minority class examples with
GANs is a relatively new problem [27]. The advantage
of the GAN approach compared to simple oversampling
or slightly more involved methods like SMOTE [3], is that
GANs are desirable for their ability to represent complex
data and generate realistic synthetic images from a train-
ing dataset. This means that GANs can theoretically help
convert a scarce, discrete training dataset into a better, con-
tinuous dataset via nonlinear interpolation [27]. This can
be incredibly desirable for our medical purposes, where the
features in a chest x-ray indicative of pneumonia can be in-
terpolated into many different variations that may not be
sufficiently represented in our dataset.

CTGAN [32] was designed as a way to model tabular
data with a mix of discrete and continuous columns. It
uses a conditional generator to learn complex distributions
in columns. CTGAN also is able to generate synthetic data
with a specific discrete value. However, our approach con-
cerns image data, a very different form of data.

Since there are naturally not many instances of the mi-
nority class in image datasets, it may not practical to train
a GAN with such a small amount of images. Balancing
GAN (BAGAN) [22] addresses this fact by training on the
whole dataset instead, then applying class conditioning for
the generation of minority class images. BAGAN seeks to
generate images that represent the minority class, are not
repetitive, and are not already found in the training set. It
uses an autoencoder based initialization strategy to help the
model learn class-conditioning in the latent space.

Our approach explores oversampling the training dataset
with a Conditional Deep Convolutional Generative Ad-
versarial Network (cDCGAN) [26] [23] [4]. This deep-
learning-based approach should be theoretically more ad-
vantageous over the more traditional class weighting and
augmentation approaches due to the new and unique im-
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ages generated. We train on the entire dataset, similar to the
approach of BAGAN. However, while BAGAN generates
latent vectors with a class-conditional latent vector gener-
ator to feed into the generator, we feed in the true labels
along with randomly generated latent vectors into the gen-
erator. BAGAN’s discriminator predicts the original class
of each latent vector along with whether it was real or fake,
while our approach solely predicts whether it was real or
fake. Additionally, our approach does not use an autoen-
coder based initialization strategy.

3. Dataset
We base our dataset on Kermany et. al’s dataset of pe-

diatric chest x-rays from Guangzhou [17]. In this dataset,
there are 3875 pneumonia images and 1341 normal im-
ages. For our train dataset, we supplement the pneumo-
nia dataset with 3044 healthy chest X-rays from the NIH’s
ChestX-ray8 dataset [31]. We had previously used images
from [7] as a supplement, but had later discovered that the
data was badly curated—in particular there were some CT-
scans mixed in with the X-rays, so this caused us to use the
NIH data instead.

In order to create a data imbalance where normal im-
ages were the majority class, we randomly deleted train-
ing examples from the pneumonia class so that we were left
with 4385 normal examples and 1460 pneumonia examples.
This allows our dataset to have 25% of chest x-rays with
pneumonia and 75% of images that are healthy. Note that
the test dataset is untouched and completely originates from
the pneumonia dataset to provide an unbiased evaluation of
model performance, with 234 normal images and 390 pneu-
monia images. Similarly the validation data we take from
the training set is balanced to provide unbiased evaluation.

(a) Healthy X-ray (b) Pneumonia X-ray

Figure 1. Images from the dataset. Note the presence of white
pixels in a diffuse interstitial pattern indicative of viral pneumonia
in the rightmost x-ray [17].

The image data is converted to grayscale and resized to
128 × 128. Then, to make the model more robust to trans-
lations and rotations, we perform data augmentation in the
form of random horizontal flips, rotations, and cropping.
We also normalize the images to ensure that each image has
a similar distribution of pixel intensities before being fed

into the ResNet18 model.

4. Methods

4.1. Model and Training

We use a Pytorch [24] ResNet18 model [15] based off
of [30], with sigmoid activation for the final layer binary
cross entropy loss. We change the number of nodes in our
fully connected layer to 2 for our binary classification task.
Utilizing deeper, more powerful models like ResNet50 [15]
is prone to overfitting due to our relatively small dataset,
and in preliminary experiments, this was confirmed when a
large gap between train and test accuracy was observed.

As a baseline method, we trained a ResNet18 from
scratch. We use a batch size of 32, and learning rate of
4e-3, with an Adam optimizer [20] with standard decay
rates β1 = 0.9 and β2 = 0.999. We also train for 5 epochs
and save and evaluate only the model with the best valida-
tion accuracy to further prevent overfitting.

4.2. Resampling Methods

The classic methods for dealing with imbalanced
datasets are resampling methods, namely undersampling
and oversampling [27]. Undersampling involves randomly
removing majority class examples, oversampling involves
randomly duplicating minority class examples. The goal
of each method is to make the number of training exam-
ples of each class the same to prevent bias. However,
these methods are not desirable in practice – undersampling
throws away useful data, whereas oversampling may cause
the model to overfit since it duplicates data.

4.3. Generative Adversarial Networks

Generative Adversarial Networks [11] are state-of-the-
art deep learning models that are used to learn the under-
lying distribution of complex data and that can be used to
thus generate photo-realistic images after being trained on
a dataset. These images can then be used to oversample the
training set. The architecture consists of a generator net-
work, whose task is to generate realistic images that fool
the discriminator network, whose task is to distinguish be-
tween real and fake images.

The generator network learns the mapping from random
noise to data space as G(z; θg), where G is a neural net.
Meanwhile the discriminator learns a neural net D(x; θd),
which outputs probability that x actually is real data. Thus
if x is drawn from pdata the discriminator tries to maximize
D(x; θd), equivalent to maximizing logD(x; θd). Gener-
ating a fake example involves sampling z ∼ pz(z) from
noise, then applying G(z; θg). We would like to thus mini-
mize D(G(z; θg); θd), which is thus equivalent to maximiz-
ing log(1 − D(G(z; θg); θd). Putting this all together the
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discriminator networks wants to learn θd to maximize

Ex∼pdata [logD(x; θd)] + Ez∼pz(z)[log(1−D(G(z; θg); θd))]

Now the generator and discriminator are playing a minimax
zero-sum game with each other, so this means that the gen-
erator wants to learn θg to minimize the above expression.
Thus the objective function ends up being

min
θg

max
θd

[Ex∼pdata [logD(x; θd)]

+ Ez∼pz(z)[log(1−D(G(z; θg); θd))]]

4.4. Deep Convolutional GANs

Deep Convolutional Generative Adversarial Networks
(DCGANs) [26] are a class of GANs that use all-
convolutional layers for unsupervised learning. DCGANs
are able to deal with larger and more complex data sets after
modifying convolutional GANs with strided convolution,
batch normalization, ReLU activation, and other architec-
tural constraints. This allows for DCGANs to become more
stable compared to vanilla GANs and learn good represen-
tations of the images for generative modeling.

The discriminator in our DCGAN model consists of 5
convolutional layers of kernel size 5 and stride 2 alternating
with LeakyReLU activation with an alpha of 0.2, which is
then flattened and fed into a 1-node fully connected layer
with sigmoid activation. In the generator, the noise vector
is fed through a fully-connected layer then reshaped into
an (8,8,128) feature map. This is fed through 4 transpose
convolutional layers of kernel size 4 and stride 2 followed
by a single regular convolutional layer of kernel size 5 and
tanh activation [2].

We train this model on the pneumonia images in the
dataset for 160 epochs with a batch size of 128. We use
an Adam optimizer [20] with learning rate 2e−3 and decay
rates β1 = 0.5 and β2 = 0.999. Images were normalized to
[0,1].

Figure 2. Fake Pneumonia X-rays generated by DCGAN. While
they may look realistic, the white cloudiness indicative of pneu-
monia seems quite excessive, especially on the image to the right.
Also notice the artifact on the top left of the rightmost image.

(a) DCGAN-generated images
at epoch 20

(b) DCGAN-generated images
at epoch 60

(c) DCGAN-generated images
at epoch 160.

Figure 3. Images generated during different phases of the train-
ing process by DCGAN. The images start off quite pixelated, but
gradually become more defined and realistic.

The images generated by the DCGAN seen in Figures 2
and 3 seem promising. Most of them bear semblances to
real chest x-rays — however, some seem unrealistic. There
is an excessive cloudiness in many images. While this is a
feature indicative of pneumonia, it is obviously not found
naturally, even to the untrained eye. We inferred that this
is due to the DCGAN being trained on a relatively small
dataset of only pneumonia chest x-rays. As a result, it was
not exposed to healthy chest x-rays, which probably caused
it to have trouble generating realistic pneumonia images.

4.5. Conditional GANs and Conditional Deep Con-
volutional GANs

Conditional GANs (CGANs) [23] are a conditional ver-
sion of GANs which conditions the generator and discrim-
inator on additional information y (usually a label, which
is what our implementation does). This way, the objective
function becomes

min
θg

max
θd

[Ex∼pdata [logD(x|y; θd)]

+ Ez∼pz(z)[log(1−D(G(z|y; θg)|y; θd))]]

The labels y are combined with randomly generated latent
points pz(z) before being fed into the generator. This means
the generator is trying to generate data while incorporat-
ing information y, causing the generated result to be condi-
tioned on y. The discriminator also receives this label in-
formation y, which it uses to help discriminate between real
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Random Noise Encoded Labels

Generator Real Data and Labels

Discriminator

Real/Fake

Figure 4. The overall architecture of a CGAN [23]. Randomly-
generated labels are encoded with an embedding layer and then
concatenated with random noise and fed into the generator. These
encoded labels are also used to train the discriminator, which takes
as input the generated data and encoded labels, as well the real data
and labels, to distinguish between fake and real data.

and fake images that it knows the generator might be gen-
erating based off of y [23]. These CGANs can thus be use-
ful for modeling complex multi-modal data distributions, as
described in [23]. By training on the entire dataset and con-
ditioning on labels, a CGAN should theoretically be able
to learn the differences between healthy and pneumonia x-
rays. This can improve quality of generated images over the
DCGAN approach, which was not exposed to the healthy
chest x-rays.

To modify our DCGAN architecture into a conditional
DCGAN (cDCGAN), we randomly generate labels and pass
them through an embedding layer to encode them into
unique 50-element vectors. Then, these encoded labels are
concatenated with the random latent points generated and
inputted into the DCGAN generator. The encoded labels
are also concatenated with the images in the DCGAN dis-
criminator, as shown in Figure 4 [4].

Since the dataset used to train the cDCGAN is im-
balanced, we explore the process of generation of ran-
dom labels. We compare the default equal probability ap-
proach (cDCGAN) with a weighted approach we propose
(weighted cDCGAN). The default approach used in cDC-
GAN is to generate labels of 0 and 1 equally with 0.5 proba-
bility. Our weighted cDCGAN approach has a hyperparam-
eter α, representing the probability that label 0 (healthy) is
generated. Label 1 will thus have a probability of generation
of (1 − α). The default approach has α = 0.5. However,
this probability is not reflective of the dataset, which con-

(a) A healthy chest x-ray gen-
erated by cDCGAN.

(b) A pneumonia chest x-ray
generated by cDCGAN

Figure 5. Chest X-rays generated by cDCGAN. cDCGAN seems
to be able to learn the general differences between healthy and
pneumonia chest x-rays, as demonstrated in the slight cloudiness
in the right image. The pneumonia image seems less extreme than
the images generated by DCGAN, as a result of the class condi-
tioning and being exposed to the entire dataset.

sists of 75% healthy images and 25% pneumonia images.
By tuning the probability that these random labels are gen-
erated, we can influence the resulting generated images. So,
we experiment with α = 0.25 and α = 0.75.

We train the cDCGAN model on the entire dataset and
labels for 48 epochs with a batch size of 128. We use an
Adam optimizer [20] with learning rate 2e − 3 and decay
rates β1 = 0.5 and β2 = 0.999. We note that cDCGAN
converges in less epochs than DCGAN due to the much big-
ger dataset. Images were normalized to [0,1].

5. Experiments

5.1. Methods and Metrics

We experiment with DCGAN, cDCGAN, and weighted
cDCGAN to generate synthetic minority data to oversample
the minority data. After training each different architecture,
we save the model and then randomly generate latent points
to use the trained generator model to oversample and gen-
erate new pneumonia images, which we then add to the im-
balanced dataset in order to rebalance the dataset to a 50-50
split. A potential advantage of this approach is the ability to
generate unlimited images by repeatedly feeding randomly
generated latent points into the generator, allowing for re-
peated generation.

Our DCGAN implementation is based on [2], found
at (https://www.kaggle.com/code/djibybalde/dcgan-keras-
chest-x-ray-images), and our cDCGAN is inspired by [4],
found at (https://machinelearningmastery.com/how-to-
develop-a-conditional-generative-adversarial-network-
from-scratch/). We adapted the DCGAN code to
add conditionality and the α parameter, and tuned
hyperparameters to get the new model to converge.
Our ResNet18 model is based on [30], found at

5



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

CVPR
#

CVPR
#

CVPR 2022 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Precision =
TP

TP + FP

Recall/Sensitivity =
TP

TP + FN

Specificity =
TN

TN + FP

F1 Score =
2 · Precision · Recall
Precision + Recall

Figure 6. Metric calculations. TP, FP, TN, FN denote the number
of true positives, false positives, true negatives, and false nega-
tives, respectively.

(https://www.pluralsight.com/guides/introduction-to-
resnet). We adapted the ResNet18 code to adapt it to binary
classification, to process imbalanced datasets, include
image augmentation and normalization, as well as calculate
metrics and generate heatmaps.

When training the ResNet18 model, we used a batch size
of 32. We experimented with a few learning rates and found
that 4e-3 was the optimal learning rate for the ResNet18
model.

Since we are working with imbalanced data, we do not
focus on accuracy for our main metric. Instead, we use
metrics like precision and recall, sensitivity and specificity
(which are important in the medical context particularly)
and F1 score (to measure general model performance). The
metrics were computed with the help of scikit-learn library
[25].

5.2. Results

Since our dataset is imbalanced, training from scratch
can easily lead to bias. We compare training from scratch
and training with pre-trained weights on ImageNet [8] from
the PyTorch model zoo [24]. We explore the value of initial-
izing our ResNet18 with pretrained ImageNet [8] weights.

As shown by Figure 6, initializing with pretrained Im-
ageNet weights improves the performance of our model.
Since ImageNet is a large dataset with a large number
of classes, the weights contain features that can be trans-
ferrable to a wide variety of tasks. The baseline has very low
precision and outstandingly high recall, which means that
the model returns many results, but most are incorrect [25].
On the other hand, initializing with the pretrained model has
a more balanced precision and recall, causing it to have a
higher F1 score. So, we initialize with ImageNet pretrained
weights for the rest of the experiments, as it results in a less
biased model.

Now, we compare the baseline performance of the model
along with class weights, undersampling and oversam-
pling, DCGAN, as well as weighted cDCGAN with α =

Precision Recall/ Specificity F1
Sensitivity

Baseline 0.543 0.927 0.780 0.685
Pretrained 0.730 0.842 0.850 0.782

Figure 7. Comparison of test evaluation metrics for baseline
ResNet18 and baseline model pretrained on ImageNet.

Precision Recall/ Specificity F1
Sensitivity

Baseline 0.730 0.842 0.850 0.782
Class
Weights 0.859 0.855 0.915 0.857

Under-
sam-
pling

0.709 0.865 0.843 0.779

Over-
sam-
pling

0.863 0.845 0.917 0.854

DCGAN 0.821 0.910 0.898 0.863
cDCGAN
α =
0.50

0.893 0.857 0.934 0.874

cDCGAN
α =
0.25

0.710 0.706 0.949 0.803

cDCGAN
α =
0.75

0.821 0.901 0.898 0.859

Figure 8. Comparison of baseline ResNet18 with class weights,
undersampling, oversampling, DCGAN, as well as cDCGAN
methods. Note that the data augmentation scheme detailed in Sec-
tion 3 of this paper was utilized for all of these methods.

0.25, 0.5, 0.75 in Figure 8.
Based on the results, we conclude that GAN-based ap-

proaches are a valid way to oversample an imbalanced train-
ing dataset. DCGAN and the cDCGAN variants were all
able to outperform the baseline in almost all metrics. In
particular, both our DCGAN and cDCGAN (α = 0.5) ap-
proaches outperform class weights, oversampling, and un-
dersampling (the most commonly used methods) in terms
of F1 score.

Our cDCGAN with α = 0.5 achieves the highest F1
score out of all the methods, although by a very narrow mar-
gin. Interestingly, using α = 0.25 slightly improves speci-
ficity at the cost of precision and recall/sensitivity, while
using α = 0.75 slightly improves sensitivity at the cost
of precision and specificity. This means that this hyper-
parameter can be tweaked according to the specific task at
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hand. Another observation of note is the fact that the cD-
CGAN with α = 0.75 seems to have very similar metrics
to the DCGAN, suggesting that generating labels accord-
ing to the true distribution of classes essentially negates the
conditional nature of the model.

Interestingly, DCGAN achieves the highest sensitivity
and cDCGAN (α = 0.5) achieves the highest specificity
out of all methods. This means that the dataset oversampled
with DCGAN will produce much less false negative results,
and one with cDCGAN will produce much less false posi-
tive results, making DCGAN more desirable if we want to
rule out disease, and cDCGAN more desirable if we want
to rule in disease. This unveils the possibility of using both
DCGAN and cDCGAN in conjunction to create an even
better dataset, a possible future path to explore.

One important note is the stochastic nature of model
training. Due to time constraints, models were only trained
once and results recorded. Despite random seeding and us-
ing the same ImageNet weight initialization for all the mod-
els, due to the narrow margins between each method, there
exists the possibility that these results occurred purely by
chance.

5.3. Visualization

Zhou et al proposed Class Activation Maps [34] as a way
to visualize where and with what intensity a CNN model
is looking at an image, but it trades off model complex-
ity and performance. Grad-CAM [28], on the other hand,
does not modify the network and uses the gradients flow-
ing into the final convolutional layer in order to produce a
map that localizes and highlights important regions in the
image indicative of a certain class. This is especially im-
portant and useful in the medical field. Firstly, it can be
used as a gauge of model relevance. If the Grad-CAM indi-
cates that the model is looking at somewhere other than the
lung cavity to make predictions, we know that the model is
not a valid predictor of pneumonia. Secondly, using Grad-
CAM can be helpful to help doctors localize the disease.
Since Grad-CAMs highlight specific regions of an image,
an experienced radiologist can then easily confirm these lo-
cations. This increased model transparency and explainabil-
ity thus makes Grad-CAM a great way to gauge the quality
of our different oversampled datasets.

We generated Grad-CAM images using [10] for the base-
line, DCGAN, and cDCGAN(α = 0.5) methods, using the
highest-scoring category to generate each image.

Upon examination of the class activation maps, we can
see that the DCGAN is definitely learning irrelevant fea-
tures. In particular, the splotches on the left and right of
the chest x-ray is indicative that it is not actually looking at
the lungs, where pneumonia is found. The baseline method
faces a similar problem, with the model commonly look-
ing at the abdomen instead of the lungs. cDCGAN does a

(a) Grad-CAMs generated for a random test
batch for the baseline method.

(b) Grad-CAMs generated for a random test
batch for DCGAN method.

(c) Grad-CAMs generated for a random test
batch for cDCGAN (α = 0.5) method.

bit better in this respect, as the highlighted portions of the
Grad-CAM tends to be more varied and generally lie in the
chest cavity.
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6. Conclusion
In this work, we explored the usage of Deep Con-

volutional Generative Adversarial Networks (DCGANs)
and conditional Deep Convolutional Generative Adversar-
ial Networks (cDCGANs) for oversampling of the minority
class in imbalanced medical image datasets. Furthermore,
we proposed a new α hyperparameter for cDCGANs that
can potentially be used to tune the sensitivity and specificity
of the model.

We found that we found that our DCGAN and cCDGAN
based approaches outperform standard approaches in terms
of F1 score, despite potentially underperforming in other
metrics. However, despite DCGAN performing well in met-
rics, we note that the Grad-CAMs generated indicate that
the ResNet-18 model is not learning relevant features for
pneumonia diagnosis. The dataset oversampled with cDC-
GAN does not face this issue as much, which we attribute to
more realistically generated images as a result of the condi-
tional component of the network. Nevertheless, we believe
that our approach has the potential to become a reliable way
to oversample an imbalanced image dataset.

In the future, we would like to tune the GAN models
more carefully, and train models multiple times to compen-
sate for the stochastic nature of model training. The bad
Grad-CAMs could likely be the result of a bad dataset, so
curating a more diverse imbalanced dataset should also be
a future step. We may offer our GAN-generated images to
an actual experienced radiologist for review for usefulness,
relevance, and realisticness, resulting in a better annotated
dataset. More time and computational power may admit the
ability to test out and compare our results to some other ap-
proaches highlighted in the related work section, including
BAGAN [22], as well as cost sensitive learning [18], ac-
tive learning [9], and LDAM [5]. We also want to explore
how well our model architecture transfers to other medical
image datasets. The methods in this paper may prove use-
ful for other cancers like skin cancer, as well as any image
dataset in general.

7. Group Member Contributions
7.1. Adam Sun

Idea for project. Performed literature review on differ-
ent GAN models and techniques dealing with imbalanced
dataset. Wrote code to load data and create imbalanced
dataset. Implemented ResNet18 in PyTorch, implemented
code for loading data and training Resnet18 model. Im-
plemented, experimented, and trained all GAN models on
Amazon Web Services (AWS), and ran experiments com-
paring Resnet18 performance on each GAN-oversampled
dataset. Used grad-CAM package to generate heatmaps.
Scribe for milestone and final report, especially the Meth-
ods and Experiments sections.

7.2. Kevin Li

Idea for project. Reviewed papers and verified under-
standing of concepts. Implemented code for preprocessing
and managing dataset for creating imbalance. Ran early
tests on ResNet50 that were overfitting. Ran baseline and
basic (non-GAN) tests. Implemented code, ran all exper-
iments and compiled all results for CS229 portion of the
project, and incorporated results into the CS231N paper for
comparison. Scribe and reviewer for milestone and final re-
port, in particular contributed to the math-heavy portions of
the report, managing citations, LATEX typesetting, and gen-
eral formatting. Poster developer and printer.

7.3. CS229 Overlap

The CS229 portion of the project, which is being com-
pleted by the second author of this paper, Kevin Li, and
Taran Kota (tkota@stanford.edu), examines more
classical methods for resolving data imbalance, including
methods mentioned before, like oversampling, undersam-
pling, standard image data augmentation involving flipping,
rotating, and cropping images, class weights, and SMOTE-
like methods: SMOTE, BorderlineSMOTE, and ADASYN.
All of this is done without the use of pre-learned model
weights. Certain methods like undersampling, oversam-
pling, data augmentation, and class weights are done in
the CS231N portion of the project but with pre-learned
weights from ImageNet, and the GAN work is unique to
the CS231N portion. Taran’s work does not overlap with
any work or research presented in this paper at all.

7.4. Additional Acknowledgements

For the ResNet18 model, we built off of the code base
[30]. The DCGAN code was based off of [2], and the cD-
CGAN code was inspired by [4]. We also acknowledge
the wonderful open-source PyTorch library [24], Tensor-
flow [1], Keras [6], and other libraries like NumPy [13] (for
managing data), Scikit-Learn [25] (for computing metrics),
Matplotlib [16] (for plotting and visualizing images), and
Jacob Gildenblat’s Pytorch Library for CAM methods [10]
(for class activation maps).
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Abstract

In order to improve model performance on imbalanced image datasets, we experiment with several techniques:
undersampling, oversampling, image data augmentation [1], class weights, SMOTE [2], BorderlineSMOTE [3], and
ADASYN [4], and compare results with baseline results obtained without any dataset preprocessing. The model
used is ResNet18 [5]. These data preprocessing techniques are mostly able to achieve marginal improvements in the
performance metrics on the test set. There is evidence from class activation maps [6] [7] that several data preprocessing
techniques are able to allow the model to learn from more relevant parts of the image. In particular class weights emerges
as a robust method in which to improve model performance and create models that learn reasonably, as indicated by
class activation maps. There is also evidence one must be careful as to what kind of image data augmentation one uses,
because doing very aggressive augmentation can degrade performance.

1 Introduction

Deep learning models trained on imbalanced data sets tend to be biased towards the majority class, leading to poor performance on the
minority class. The issue of imbalanced data can occur within the context of medical image data sets [8], where normal class patient data
outnumbers disease class patient data, leading to poor sensitivity. This is a significant issue, because in the context of medical data, false
negatives are much more damaging than false positives as they lead to potentially life-threatening conditions being left undetected. In this
paper, we examine chest X-rays, which are grayscale and resized to size 128× 128 as an input to a ResNet18 model [5]. The model is a
binary classifier that predicts whether the input is a healthy chest X-ray or pneumonia chest X-ray.

The CS231N portion of this project, completed by the first author of this paper and Adam Sun (adsun@stanford.edu), deals with more
advanced techniques, including the usage of pre-trained weights for the ResNet18 model, the usage of GANs [9] like DCGAN [10],
WassersteinGAN [11], and ConditionalGAN [12] and generative models like PixelCNN [13] to generate synthetic minority class data.

2 Related Work

In the context of image data, data augmentation [1] is a useful method used in many state-of-the-art applications of handling the issue of
limited data. Image transformations like random horizontal flips, random crops, random rotations, and random vertical/horizontal shifts
are straightforward methods of generating more data, and they encourage the model have translation and rotational invariance. A potential
weakness is that utilizing these transformations might create too diverse of a dataset, so that we might need a longer time to train our
model. In our experiments, we will only consider horizontal flips, random crops, and random rotations.

SMOTE [2], BorderlineSMOTE [3], and ADASYN [4] are three related techniques that involve generating synthetic data for the minority
class. SMOTE, or Synthetic Minority Over-sampling Technique, works by considering each minority class example x, considering
the k nearest minority class neighbors x1, · · · , xk, and adding synthetic examples along the k line segments joining x with x1, · · · , xk

respectively. BorderlineSMOTE builds off of SMOTE by only oversampling minority class examples that are close to the border between
the two classes—the rationale being that minority class examples further away from border are less likely to be misclassified. ADASYN,
or Adaptive Synthetic Sampling Approach, is a newer method, that is similar to BorderlineSMOTE in that a different number of synthetic
examples are generated for each minority class example. BorderlineSMOTE focuses on minority class examples close to the border, and
similarly ADASYN focuses on minority class examples that are harder to learn. This is determined by the density of minority class
examples within a region—the less dense, meaning the more a minority class example is interspersed with majority class examples, the
harder it is to learn that minority class example. A weakness of these approaches is that applying SMOTE-like techniques on image data
directly might produce non-photorealistic or garbage images. A better approach may be to first pass the image data through a pre-trained
CNN to extract a feature representation, then apply SMOTE on the feature representation of the images.

Stanford CS229 Machine Learning



Label-Distribution-Aware Margin Loss (LDAM) introduced in [14] is a more advanced technique which does not involve modifying
the data, but instead involves creating a loss function based on the data label distribution that encourages higher margins for minority
class examples. This is similar to BorderlineSMOTE in that the principle of the technique is to focus on more vulnerable minority
class examples that reside close to the boundary, and this approach also bears similarity to the class weights method (and in general
cost-sensitive learning methods [4]) where the loss depends on the particular label of the input example and how it is classified. A strength
of this approach is that we do not actually modify the input data. In the paper [14], it is also suggested that this technique be applied after
the deep learning model is able to learn a feature representation of the data, which is also a good idea for SMOTE as mentioned earlier.

3 Data Set

Dataset was created by combining normal and pneumonia chest X-rays from [15] and healthy chest X-rays from a large public NIH
dataset [16]. For training and validation, we have 4385 normal examples and 1460 pneumonia examples, representing an imbalanced
scenario. The test data set consists of 234 normal examples and 390 pneumonia examples. Images are gray-scale and resized to 128× 128
automatically when being used as input to the ResNet18 model.

(a) Healthy X-ray (b) Pneumonia X-ray

4 Methods

4.1 Deep Learning Model

The ResNet18 model, implemented in PyTorch [17] based off of [18], has two output features in the final fully connected layer representing
the scores for each class, s0 and s1. We use cross entropy loss on the softmax scores, which in this case would be es0

es0+es1 and es1

es0+es1 .
The target distribution for an example of class y ∈ {0, 1} is a one-hot encoding vector where the y-th element is 1, and our predicted
distribution is given by softmax scores

[
es0

es0+es1 ,
es1

es0+es1

]
. Recall that cross entropy is defined, for two distributions P and Q, as

H(P,Q) = −
∑

x P (x) logQ(x). The cross entropy between the one-hot encoding and our softmax scores is thus given by

− log

(
esy

es0 + es1

)
= −sy + log (es0 + es1)

Baseline method involves no data preprocessing, just training using the ResNet18 model with no pre-learned weights.

4.2 Training and Optimization

We use mini-batch gradient descent with batch size 32 to train the model for up to 5 epochs. We use a learning rate of α = 4e-3. We use
the Adam optimizer [19], which keeps track of the momentum (or first moment) and the second moments of previous gradients during
training. The second moments are used to adaptively scale per-parameter learning rates, and the first moment is just a standard use of
gradient descent with momentum. If the momentum is m, and the second moment is v, then after computing a gradient g, we update via

m := β1m+ (1− β1)g, v := β2v + (1− β2)g
2

where β1, β2 are decay rates. In practice, β1 = 0.9 and β2 = 0.999 are good decay rates, so we also use these hyperparameter values
when training. We then do a bias correction

m̂ = m/(1− βt
1), v̂ = v/(1− βt

2)

where t ≥ 1 is our time step. Finally we update parameters via

θ := θ − α · m̂/(
√
v̂ + ε)

where ε = 1e-8 prevents zero-division. Per-parameter scaled learning rates make sense because certain parameters might have large
magnitude gradients compared to other parameters, so they should have smaller learning rates.
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4.3 Sampling Methods

Let U0 denotes the set of normal examples and U1 denote the set of pneumonia examples in our training set, where |U0| = n0 = 4385,
and |U1| = n1 = 1460. Undersampling involves randomly removing training examples from U0 so that |U ′

0| = n′
0 = n1. Oversampling

means randomly duplicating examples in U1 so that |U ′
1| = n′

1 = n0. In either case, the goal is to equalize the number of normal and
pneumonia examples.

4.4 Image Data Augmentation

We use random horizontal flips, random rotation in the range [−30◦,+30◦], and random resized crop with a scale range of [0.63, 1] to
augment data during training regimen (but not at test time). This is implemented via PyTorch Vision library [17]. This will encourage the
model to learn to classify correctly even when X-ray images are flipped, to have slight rotational invariance, and to classify correctly even
when looking at only a mildly cropped region of the image.

4.5 Class Weights

Class weights for imbalanced dataset means that we weight minority class more in the loss function, to ensure that when training we
prioritize classifying minority class examples correctly to make up for having fewer minority examples. For y ∈ {0, 1} we want an
example of class y to be weighted with weight wy in the loss function, so that nywy is some constant. If c = 2 is number of classes, then
we can set nywy = n0+n1

c , where the numerator is total number of examples. Using this we get

w0 =
n0 + n1

n0c
=

4385 + 1460

4385 · 2
= 0.67, w1 =

n0 + n1

n1c
=

4385 + 1460

1460 · 2
= 2.00

4.6 SMOTE Methods

The idea of SMOTE [2] is that to generate a synthetic minority sample, consider a random minority example x and a random minority
example x′ among x’s k nearest minority class neighbors (k is a hyperparameter, and in practice we use k = 5), and select a random point
uniformly at random on the segment connecting x and x′ which will be the synthetic example. In the context of image data, we operate on
the raw pixel space and use L2 norm. BorderlineSMOTE [3] only generates using minority examples x where x is a borderline example,
meaning it is close to majority class examples. A minority example x is considered borderline, or ’dangerous’, if a majority of its K (K is
another hyperparameter) nearest neighbors are the majority class. In ADASYN [4], for a minority class example x, we consider its K
nearest neighbors and let r be the ratio ∆/K where ∆ is the number of K nearest neighbor examples that are of the majority class. In
particular if r > 0.5 then in the context of BorderlineSMOTE, x would be used to generate synthetic examples. r becomes normalized to
r̂ over all minority class examples xi so that it is a density distribution. Then if G is the number of synthetic examples we need, then we
use xi a total of gi = r̂i ·G times to generate data. This makes sense because if r̂ is larger, more of its neighbors are majority class and so
it is more likely to be misclassified and thus needs to be prioritized more. We utilize the scikit-imblearn [20] (imbalanced learn) library to
run SMOTE, BorderlineSMOTE, and ADASYN, and NumPy [21] is used to help manage the data.

5 Experiments

5.1 Methods and Metrics

We used a mini-batch size of 32 to take advantage of the parallel processing architecture of the GPU on Google Colab that we used to
compute our results. We tested various learning rates, and 3e-4 gave us the most satisfactory results, so we just continued using this
learning rate. Since our training set is heavily imbalanced and our test set is somewhat imbalanced, raw accuracy is not a good metric.
Instead we focus on recall, which we would like to maximize since false negatives are much worse than false positives. The balanced
accuracy, which is the average of recall (or sensitivity) and specificity, gives a better sense of how our algorithm is performing on an
imbalanced dataset. F1 score is a standard measurement for classifier performance on imbalanced test set, and it is calculated by taking
harmonic mean of precision and recall. Finally we also include confusion matrix data on test data after model has been fully trained for 5
epochs. Adam Sun helped implement the evaluation metrics, and some of the computation of metrics are implemented via scikit-learn
library [22].

5.2 Training Plots

Below is recall and balanced accuracy on test set over 5 epochs. Plots generated via Matplotlib [23].
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(a) Test set recall over 5 epochs (b) Test set balanced accuracy over 5 epochs

5.3 Comparisons

Below we have tables containing the max recall and balanced accuracy at any epoch for the various experiments. We also include max F1
score. We also have table of confusion matrix data. TP = true positive, TN = true negative, FP = false positive, FN = false negative.

Experiment Max Recall Max Balanced Accuracy Max F1 Score
Baseline 0.866 0.839 0.769
Undersample 0.967 0.862 0.752
Oversample 0.953 0.860 0.730
Data Aug-
mentation 0.641 0.766 0.733

Class
Weights 0.950 0.856 0.817

SMOTE 0.878 0.809 0.756
Borderline
SMOTE 0.943 0.830 0.662

ADASYN 0.949 0.828 0.553

Experiment TP TN FP FN
Baseline 367 149 85 23
Undersample 381 104 130 9
Oversample 386 82 152 4
Data Aug-
mentation 278 200 34 112

Class
Weights 380 124 110 10

SMOTE 376 101 133 14
Borderline
SMOTE 363 125 109 27

ADASYN 381 93 141 9

5.4 Class Activation Maps

Class activation maps [7] provide a way to visualize what parts of the image the CNN is looking at, and with what intensity. Adam Sun
used a PyTorch Grad CAM library [6] to produce the class activation maps. Below are some typical CAMs for various experiments.
Some of the CAMs seem logical (the CNN is looking at chest area), whereas others seem illogical. For data augmentation, which
performed badly based on the metrics, we are seeing many interesting and highly illogical CAMs. On the other hand, class weights seem
to consistently produce reasonable CAMs. The CAMs for the SMOTE are not as reasonable as those for class weights, as they focus too
much on background and not enough on the central chest area where the lungs are located, though they are somewhat better than the other
classical methods.
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(a) Baseline,
logical

(b) Baseline, il-
logical

(c) Undersam-
ple, left bias

(d) Oversample,
focuses too
much on back-
ground

(e) Data Aug-
mentation, fo-
cusing on back-
ground

(f) Data Aug-
mentation, final
epoch, flawed

(a) Class
Weights, logical

(b) Class
Weights, logical

(c) SMOTE,
focusing too
much on back-
ground

(d) BorderlineS-
MOTE, not fo-
cusing on right
half of chest

(e) ADASYN,
model classify-
ing everything
into one class

(f) ADASYN,
not looking in
the right area at
all

5.5 Discussion

Not included in experiment results section is results for ResNet50 [5], the previous model used. This previous model was too expressive,
making it easy for the model to overfit, so we switched to a shallower model ResNet18, and used 5 epochs instead of 10 epochs. Previously,
the data set we were using was not very well curated, because there were brain CT-scans mixed in with the chest X-ray data, so we took
care to find a high quality dataset from the NIH instead [16]. This definitely contributed to better model performance—data curation is an
absolute must.

In terms of performance on metrics, based on F1 score none of the experiments managed to achieve significant advantage over baseline
method. This is probably expected, because it is difficult to achieve overall performance gains for the model in a limited data situation
that we have. Similarly there are no notable gains in balanced accuracy. All experiments except for data augmentation managed to
achieve higher recall though, which is useful in the medical context. Data augmentation seems to have performed poorly, perhaps because
the data augmentation techniques were too aggressive. This is corroborated by the data augmentation CAMs, which in many cases are
looking at everything but the central chest location. BorderlineSMOTE and ADASYN are somewhat more focused in the manner in which
they oversample minority class, focusing on minority class examples that are more likely to be misclassified as majority class, which is
probably why these two methods achieve higher recall than original SMOTE.

Only class weights seemed to have outperformed baseline on the F1 metric, and the CAMs for class weights generally look reasonable.
This suggests that class weights a simple yet effective means to help train reasonable models. Image data augmentation, despite being
useful in many state-of-the-art applications, may not be a good idea for specific applications like looking at chest X-rays, or at least one
needs to be careful about having too aggressive of a data augmentation scheme. Undersampling also produced a lot of CAMs where the
model was only looking at the left part of the image, which is a strange phenomenon, and suggests that undersampling is probably not a
good idea in practice. An interesting phenomenon that occurs for some of the models is that during some epochs, models will be learning
to classify all test images as part of one class. This is observed in the ’dip’ that occurs in the plots for recall and balanced accuracy. The
ADASYN model was in this mode at some point, and the corresponding CAM shows that the CNN is looking at all pixels of the image
with roughly equal intensity. This is an interesting failure mode that is yet to be explained. It seems that in fact at some times a model will
be learning nontrivial information, then enter this failure model, and then exit it—indeed at the end of 5 epochs none of the experiments
were yielding such a model, with data augmentation being in this failure mode for the longest.

6 Conclusion and Future Directions

In terms of overall classifier performance as measured by F1, class weights is the best performing method, and it also has the most
reasonable CAMs. Thus it seems to be a good choice for real world models. Data augmentation, despite being a go to choice for expanding
the training set, does comparatively poorly because for chest X-rays, the augmentation methods are too aggressive. SMOTE methods,
despite being quite involved, yield illogical CAMs, which suggest they may not be suitable for chest X-ray applications. However, a
future direction may be using a pre-trained model to extract image features then run SMOTE on the feature space instead of the raw pixel
space. If there is more time, it is a good idea to examine the failure mode of models learning to classify all test images into one class. A
more modest future direction may be utilizing or developing a specialized metric that captures the fact that false negatives are much worse
than false positives. Finally with more expertise, time, and patience, one should try the LDAM method put forth in [14]. It may also
help to have a radiologist examine the X-ray images to point out some interesting features as a human expert, or examine the data using
unsupervised methods like PCA.
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7 Group Member Contributions

7.1 Kevin Li

Reviewed research papers, collected and curated data, implemented code for experiments, ran experimental tests, compiled results.

7.2 Taran Kota

Scribe and reviewer for proposal, milestone paper, and final report. Project poster developer.

References
[1] Connor Shorten and Taghi M. Khoshgoftaar. A survey on image data augmentation for deep learning. In Journal of Big Data,

volume 6. Springer Nature, 2019.

[2] Nitesh V. Chawla, Kevin W. Bowyer, Lawrence O. Hall, and Philip W. Kegelmeyer. Smote: Synthetic minority over-sampling
technique. In Journal of Artificial Intelligence Research, volume 16. AI Access Foundation, 2002.

[3] Hui Han, Wen-Yuan Wang, and Bing-Huan Mao. Borderline-smote: A new over-sampling method in imbalanced data sets learning.
In De-Shuang Huang, Xiao-Ping Zhang, and Guang-Bin Huang, editors, International Conference on Intelligent Computing, volume
3644. Springer, 2005.

[4] Haibo He, Yang Bai, Edwardo A. Garcia, and Shutao Li. Adasyn: Adaptive synthetic sampling approach for imbalanced learning.
In IEEE Joint Conference on Neural Networks, pages 1322–1328, 2008.

[5] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition. In IEEE Conference on
Computer Vision and Pattern Recognition, pages 770–778, 2016.

[6] Jacob Gildenblat and contributors. Pytorch library for cam methods. https://github.com/jacobgil/pytorch-grad-cam,
2021.

[7] B. Zhou, A. Khosla, Lapedriza. A., A. Oliva, and A. Torralba. Learning Deep Features for Discriminative Localization. CVPR, 2016.

[8] Bartosz Krawczyk. Learning from imbalanced data: Open challenges and future directions. In Progress in Artificial Intelligence,
volume 5, pages 221–232. Open Access, 2016.

[9] Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and Yoshua
Bengio. Generative adversarial nets. In Proceedings of the 27th International Conference on Neural Information Processing Systems
- Volume 2, NIPS’14, page 2672–2680, Cambridge, MA, USA, 2014. MIT Press.

[10] Alec Radford, Luke Metz, and Soumith Chintala. Unsupervised representation learning with deep convolutional generative
adversarial networks. In Yoshua Bengio and Yann LeCun, editors, 4th International Conference on Learning Representations, ICLR
2016, San Juan, Puerto Rico, May 2-4, 2016, Conference Track Proceedings, 2016.

[11] Martin Arjovsky, Soumith Chintala, and Léon Bottou. Wasserstein gan, 2017.

[12] Lei Xu, Maria Skoularidou, Alfredo Cuesta-Infante, and Kalyan Veeramachaneni. Modeling tabular data using conditional gan.
In H. Wallach, H. Larochelle, A. Beygelzimer, F. d’Alché Buc, E. Fox, and R. Garneet, editors, Neural Information Processing
Systems, 2019.

[13] Aäron van den Oord, Nal Kalchbrenner, Oriol Vinyals, Lasse Espeholt, Alex Graves, and Koray Kavukcuoglu. Conditional image
generation with pixelcnn decoders. CoRR, abs/1606.05328, 2016.

[14] Kaidi Cao, Colin Wei, Adrien Gaidon, Nikos Arechiga, and Tengyu Ma. Learning imbalanced datasets with label-distribution-aware
margin loss. In H. Wallach, H. Larochelle, A. Beygelzimer, F. d’Alché Buc, E. Fox, and R. Garneet, editors, Neural Information
Processing Systems, 2019.

[15] Daniel S. Kermany et al. Identifying medical diagnoses and treatable diseases by image-based deep learning. In Cell, volume 172,
pages 1122–1131, 2018.

[16] Xiaosong Wang, Yifan Peng, Le Lu, Zhiyong Lu, Mohammadhadi Bagheri, and Ronald M. Summers. Chestx-ray8: Hospital-scale
chest x-ray database and benchmarks on weakly-supervised classification and localization of common thorax diseases. In IEEE
CVPR, pages 2097 – 2106, 2017.

[17] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan, Trevor Killeen, Zeming Lin, Natalia
Gimelshein, Luca Antiga, Alban Desmaison, Andreas Kopf, Edward Yang, Zachary DeVito, Martin Raison, Alykhan Tejani, Sasank
Chilamkurthy, Benoit Steiner, Lu Fang, Junjie Bai, and Soumith Chintala. Pytorch: An imperative style, high-performance deep
learning library. In Advances in Neural Information Processing Systems 32, pages 8024–8035. Curran Associates, Inc., 2019.

6

https://github.com/jacobgil/pytorch-grad-cam


[18] Gaurav Singhal. Transfer learning with resnet in pytorch. https://www.pluralsight.com/guides/
introduction-to-resnet, 2020.

[19] Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In Yoshua Bengio and Yann LeCun, editors,
3rd International Conference on Learning Representations, ICLR 2015, San Diego, CA, USA, May 7-9, 2015, Conference Track
Proceedings, 2015.

[20] Guillaume Lemaître, Fernando Nogueira, and Christos K. Aridas. Imbalanced-learn: A python toolbox to tackle the curse of
imbalanced datasets in machine learning. Journal of Machine Learning Research, 18(17):1–5, 2017.

[21] Charles R. Harris, K. Jarrod Millman, Stéfan J. van der Walt, Ralf Gommers, Pauli Virtanen, David Cournapeau, Eric Wieser,
Julian Taylor, Sebastian Berg, Nathaniel J. Smith, Robert Kern, Matti Picus, Stephan Hoyer, Marten H. van Kerkwijk, Matthew
Brett, Allan Haldane, Jaime Fernández del Río, Mark Wiebe, Pearu Peterson, Pierre Gérard-Marchant, Kevin Sheppard, Tyler
Reddy, Warren Weckesser, Hameer Abbasi, Christoph Gohlke, and Travis E. Oliphant. Array programming with NumPy. Nature,
585(7825):357–362, September 2020.

[22] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg,
J. Vanderplas, A. Passos, D. Cournapeau, M. Brucher, M. Perrot, and E. Duchesnay. Scikit-learn: Machine learning in Python.
Journal of Machine Learning Research, 12:2825–2830, 2011.

[23] J. D. Hunter. Matplotlib: A 2d graphics environment. Computing in Science & Engineering, 9(3):90–95, 2007.

7

https://www.pluralsight.com/guides/introduction-to-resnet
https://www.pluralsight.com/guides/introduction-to-resnet

	. Introduction
	. Related Work
	. Dataset
	. Methods
	. Model and Training
	. Resampling Methods
	. Generative Adversarial Networks
	. Deep Convolutional GANs
	. Conditional GANs and Conditional Deep Convolutional GANs

	. Experiments
	. Methods and Metrics
	. Results
	. Visualization

	. Conclusion
	. Group Member Contributions
	. Adam Sun
	. Kevin Li
	. CS229 Overlap
	. Additional Acknowledgements


