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Chest X-ray imaging technology used for the early detectionand screening of COVID-19
pneumonia is both accessible worldwide and affordable compared to other non-invasive
technologies. Additionally, deep learning methods have recently shown remarkable
results in detecting COVID-19 on chest X-rays, making it a promising screening
technology for COVID-19. Deep learning relies on a large amount of data to avoid
over�tting. While over�tting can result in perfect modelingon the original training dataset,
on a new testing dataset it can fail to achieve high accuracy.In the image processing
�eld, an image augmentation step (i.e., adding more training data) is often used to
reduce over�tting on the training dataset, and improve prediction accuracy on the
testing dataset. In this paper, we examined the impact of geometric augmentations
as implemented in several recent publications for detecting COVID-19. We compared
the performance of 17 deep learning algorithms with and without different geometric
augmentations. We empirically examined the in�uence of augmentation with respect
to detection accuracy, dataset diversity, augmentation methodology, and network size.
Contrary to expectation, our results show that the removal of recently used geometrical
augmentation steps actually improved the Matthews correlation coef�cient (MCC) of
17 models. The MCC without augmentation (MCCD 0.51) outperformed four recent
geometrical augmentations (MCCD 0.47 for Data Augmentation 1, MCCD 0.44 for
Data Augmentation 2, MCC D 0.48 for Data Augmentation 3, and MCCD 0.49 for
Data Augmentation 4). When we retrained a recently publisheddeep learning without
augmentation on the same dataset, the detection accuracy signi�cantly increased, with
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a � 2
McNemar0s statistic D 163.2 and a p-value of 2.23� 10� 37. This is an interesting �nding

that may improve current deep learning algorithms using geometrical augmentations for
detecting COVID-19. We also provide clinical perspectiveson geometric augmentation
to consider regarding the development of a robust COVID-19 X-ray-based detector.

Keywords: radiology, corona virus, transfer learning, data augmentation, chest X-ray, digital health, machine
learning, arti�cial intelligence

INTRODUCTION

More people are being infected with COVID-19 every day (1);
therefore there is a need for a quick and reliable technologyto
help with the screening and management of the virus. Recent
research (2) has shown that the combination of deep learning
and chest X-rays could be faster and less expensive than the
gold standard for COVID-19 diagnosis, which is a laboratory
technique called reverse transcriptase polymerase chain reaction
(PCR). It is therefore expected that this area of research will
attract more researchers and that more papers will be published
on this topic. Deep learning provides the ability to learn and
nonlinearly associate high-dimensional features in X-rayimages
that feature COVID-19 (3). One of the techniques used during
the training and testing phases is data augmentation, which is
used to make the deep learning model more robust to di�erent
types of noise, as well as increase the training dataset, which is
typically needed in clinical applications.

It should be noted that data augmentation is commonly used
in binary classi�cation in cases where a large imbalance exists
between the size of the two classes being used in a machine
learning model. Algorithms such as SMOTE (4) are often used
to augment the minority class by intelligently synthesizingnew
data without over�tting. However, the use of data augmentation
to improve the robustness and generalizability of the model
has been less explored and is the primary motivation for this
paper. There are two ways to apply data augmentation: (1)
class-balancing oversampling (number of synthesized images
more than in the training dataset), (2) replacement (number
of synthesized images equals the number of images in the
training dataset). The former is the most used data augmentation
approach (5), which is being used to boost the number of images;
however, to our knowledge, the latter is not discussed in the
literature. Our focus here directly assesses the impact of data
augmentation with replacement.

Recent studies (6–8) of COVID-19 detection from chest X-
rays have used several data augmentation techniques to improve
the testing accuracies of deep learning models, including random
rotation, translation, and horizontal �ipping. In some cases, two
methods (translation and rotation) have been used at the same
time. Researchers (9, 10) performed data augmentation with
rotation and both horizontal and vertical �ipping to increasethe
diversity of the data set, but it is not clear whether these steps were
carried out randomly or at the same time. Another study (11)
applied a data augmentation step to ensure model generalization
that used only a random image rotation. In contrast, other studies
(12–18) have attempted to apply deep learning without a data

augmentation step, which has created controversy over the useof
data augmentation for detecting COVID-19 speci�cally, as well
as for detecting abnormalities in X-Ray images in general.

Note that none of these studies (6–17) gave a reason for
including or not including an augmentation step. In other words,
they did not compare the models with and without augmentation
to support their claims of improvement. We therefore sought
to examine the impact of the augmentation step on detecting
COVID-19 using X-ray images by investigating the impact of
data augmentation on an optimized deep neural network (19).

METHOD

To test the e�cacy of the augmentation step, we examined our
most recently published deep learning method (19), DarkNet-19,
with and without data augmentation. The analysis was carried
out using MATLAB 2020a on a workstation (GPU NVIDIA
GeForce RTX 2080Ti 11 GB, RAM 64 GB, and Intel Processor
I9-9900K @3.6 GHz).

DATASETS

We created three datasets based on a publicly available dataset
and two local datasets. The publicly available dataset is called
“CoronaHack–Chest X-Ray-Dataset” (CHC-Xray; downloaded
from https://www.kaggle.com/praveengovi/coronahack-chest-
xraydataset). The �rst local dataset was collected from Vancouver
General Hospital (VGH), British Columbia, Canada, and
contains 58 COVID-19 X-ray images. More details about the
CHC and VGH datasets are discussed in our recently published
work (19). The second local dataset was collected by the
Department of Radiology at Louisiana State University (LSU),
USA, and contains 374 coincident CXR and PCR tests evaluated
for 366 individual patients. The clinical characteristics ofthe 366
patients at the time of RT-PCR testing include: 178/366 male
(49%) and 188/366 female (51%) patients, with a mean age of
52.7 years (range 17–98 years). Average patient body mass index
(BMI) was 32.0� 9.7kg=m2. More details about the LSU dataset
are discussed in our recently published work (20). All X-ray
images were used from the LSU dataset, no image was excluded.

The datasets used in the training and validation stages of our
study are de�ned as follows:

� Dataset 1 was formed from CHC-Xray and consisted of
100 X-ray images (COVIDD 50, healthyD 16, bacterial
pneumoniaD 16, non-COVID-19 viral pneumoniaD 18).
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� Dataset 2 was formed from LSU and consisted of 374 X-ray
images (COVIDD 198, non-COVIDD 176)

� Dataset 3 was formed from CHC+LSU and consisted of 474
X-ray images (COVIDD 248, non-COVIDD 226)

� Dataset 4 was formed as a testing dataset based on a previous
publication (19), which combined CHC-Xray and VGH
datasets, with a total of 5,854 X-ray images (COVIDD 58,
healthyD 1,560, bacterial pneumoniaD 2,761, non-COVID-
19 viral pneumoniaD 1,475). Note that Dataset 1 was used
for training and validation during the development of the
COVID-19 algorithm (19) and therefore it is used to retrain
and revalidate the same algorithm without augmentation.

DATA AUGMENTATION

The data augmentation steps examined in this study have
been used in the literature for detecting COVID-19. Data
augmentation procedures are intrinsically arbitrary and their
justi�cation is based upon empirical considerations (i.e., model
performance) rather than �xed clinical considerations. Here, we
will examine di�erent data augmentation methods used recently
in the literature. Our objective is to understand the impact of
data augmentation and better understand whether one form
of data augmentation is more useful than another. Four data
augmentation methods proposed by Yoo et al. (6), Nishio et al.
(21), Ahuja et al. (22), and Zhang et al. (23), implemented
as follows:

� Data Augmentation 1: This augmentation step is proposed
by Nishio et al. (21), which includes rotation within the range
[� 15, 15], translation in x- and y-axis within the range [� 15,
15], horizontal �ipping, scaling, and shear within the range
85–115%. The pseudo code for this augmentation method is
as follows:

` ` RandRotat ion , ' ' [� 15 1 5 ] , . . .
` ` RandScale , ' ' [ 0 . 8 5 1 . 1 5 ] , . . .
` ` RandYRef lec t ion , ' ' t r ue , . . .
` ` RandXShear , ' ' [� f l o o r ( 0 . 1� i n p u t S i z e )
f l o o r ( 0 . 1� i n p u t S i z e ) ] , . . .
` ` RandYShear , ' ' [� f l o o r ( 0 . 1� i n p u t S i z e )
f l o o r ( 0 . 1� i n p u t S i z e ) ] , . . .
` ` RandXTrans la t ion , ' '

[ � f l o o r ( 0 . 1 5� i n p u t S i z e )
f l o o r ( 0 . 1 5� i n p u t S i z e ) ] , . . .
` ` RandYTrans la t ion , ' '

[ � f l o o r ( 0 . 1 5� i n p u t S i z e )
f l o o r ( 0 . 1 5� i n p u t S i z e ) ]

� Data Augmentation 2: This augmentation step is proposed
by Ahuja et al. (22), which includes shear operation within
the range [� 30, 30], random rotation within the range [� 90,
90], and random translation from pixel range [� 10, 10]. The
pseudo code for this augmentation method is as follows:

` ` RandRotat ion , ' ' [� 90 9 0 ] , . . .
` ` RandXShear , ' ' [� 30 3 0 ] , . . .
` ` RandYShear , ' ' [� 30 3 0 ] , . . .
` ` RandXTrans la t ion , ' ' [� 10 1 0 ] , . . .

` ` RandYTrans la t ion , ' ' [� 10 10 ]

� Data Augmentation 3: This augmentation step is
proposed by Zhang et al. (23), which includes random
rotation (30-degree range) and horizontal �ipping.
The pseudo code for this augmentation method is
as follows:

` ` RandRotat ion , ' ' [� 30 3 0 ] , . . .
` ` RandYRef lec t ion , ' ' t r ue '

� Data Augmentation 4: This augmentation step is
proposed by Yoo et al. (6), which includes random
rotation by 10 degree, translation, and horizontally
�ipping. The pseudo code for this augmentation method is
as follows:

` ` RandRotat ion , ' ' [� 10 1 0 ] , . . .
` ` RandYRef lec t ion , ' ' t r ue ' , . . .
` ` RandXTrans la t ion , ' '

[ � f l o o r ( 0 . 2� i n p u t S i z e )
f l o o r ( 0 . 2� i n p u t S i z e ) ] , . . .
` ` RandYTrans la t ion , ' '

[ � f l o o r ( 0 . 2� i n p u t S i z e )
f l o o r ( 0 . 2� i n p u t S i z e ) ]

DEEP LEARNING ALGORITHMS

We investigated 17 pretrained neural networks: AlexNet (24),
SqueezeNet (25), GoogleNet (26), ResNet-50 (27), DarkNet-
53 (28), DarkNet-19 (28), Shu�eNet (29), NasNet-Mobile
(30), Xception (31), Place365-GoogLeNet (26), MobileNet-v2
(32), DenseNet-201 (33), ResNet-18 (27), Inception-ResNet-
v28 (34), Inception-v3 (35), ResNet-101 (27), and VGG-
19 (36). Each one of these pretrained neural networks
has millions of parameters, and were originally trained
to detect 1000 classes. Data augmentation and dropout
were applied to all 17 networks, as part of the transfer
learning that helps to combat over�tting (37, 38). This
make these pretrained neural networks ideal for testing the
e�cacy of data augmentation. Dataset 1, Dataset 2, and
Dataset 3 were used with cross validationK D 10, as
it is based on experimental work (39) to reduce both bias
and variance.

To use each pretrained network, the last fully-connected
layer, also known as the last convolutional layer, is replaced
with the number of �lters equal to the number of classes. At
this stage, we set the training parameters for the analysis using
the same setting used a recently published work (19). We set
the �lter size to 1,1 and changed the number of �lters to two
based on the number of classes in the analysis (COVID-19 and
Others). To ensure learning was faster in the new layer than in
the transferred layers, we changed the learning rates by setting
both “WeightLearnRateFactor” and “BiasLearnRateFactor”to 10.
We set the solver to be “sgmd,” “InitialLearnRate” to 0.0001,
ValidationFrequency to 5, and “MiniBatchSize” to 11. A recent
study (40) showed that setting the “MaxEpochs” to 8 is su�cient
for preventing over�tting, for reporting steady learning, and for
generalizing a classi�er.
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EVALUATION MEASURES

To evaluate the performance of the 17 deep learning algorithm
over the three datasets (Dataset 1, Dataset 2, and Dataset 3),
accuracy and Matthews correlation coe�cient (MCC) will be
used. The accuracy is considered as the most popular adopted
metrics in binary classi�cation tasks; however, for imbalanced
datasets, such as the case in our work, the MCC is recommended
(41). Moreover, to con�rm statical signi�cance Wilcoxon rank
sum is used.

To evaluate the performance of recently published model
(19) with and without augmentation, McNemar's test will be
used. Note that the recently published model (19) is referred
to as Method I, while the same model without augmentation is
refereed to as Method II in this work. The null hypothesis two
models performs better than the other. Thus, we might consider
the alternative hypothesis to be that the performances of the two
models are not equal. However, in order to quantify and ensure
that there is a signi�cance between Method I and Method II,
McNemar's test (42) is applied. Precisely we applied the corrected
McNemar's test as recommended in (43), as follows:

� 2 D
(jB � Cj � 1)2

BC C
, (1)

where� 2 is the corrected McNemar's statistic,B is the number
of X-ray images that were detected correctly by Method II and
incorrectly detected by Method I, whileC is the number of X-ray
images that were detected correctly by Method I and incorrectly
by Method II.

RESULTS AND DISCUSSION

Geometric augmentations are usually applied in combination
to generate new augmented X-ray images.Figure 1 shows
geometric augmentations that are applied individually to a
COVID-19 X-ray image. This visualizes the impact of each
geometric augmentation method and gives the reader an
idea about their relevance.Figure 1 demonstrates 12 di�erent
augmentation methods. From left-right and top-down these are:
translation in x-axis with +10 pixels, translation in x-axiswith
� 10 pixels, translation in y-axis with +10 pixels, translationin
y-axis with� 10 pixels, random shear in x-axis within the range
[� 30,30], random shear in y-axis within the range [� 30,30],
random rotation within the range [� 90,90], random rotation
within the range [� 15,15], horizontal re�ection (or �ipping),
vertical re�ection (or �ipping), scaling in x-axis [0.85 1.15], and
scaling in y-axis [0.85 1.15].

Table 1shows the accuracy results of the four augmentation
methods described above and the accuracy without applying
the augmentation over three datasets. For simplicity, each
geometrical augmentation transformation is presented in a
separate column, as suggested in (44). The results show that data
augmentation is not a required step and actually harmed the deep
learning model in this case, by exposing it to a large amount
of distorted (or noise) images. All augmentation methods
scored lower validation accuracy than without augmentation.

In other words, the augmenter trained the network on rotated
and translated X-ray images that do not exist in a real-world
scenario. To date, and to our current clinical knowledge,
radiographic opacities associated with COVID-19 do not have a
particular shape, size, or location. This in e�ect means geometric
augmentation provides no added bene�t, and can serve to reduce
validation accuracy as shown here.

Data Augmentation 4 outperformed the other three
augmentation methods on three datasets, with an overall
MCC D 0.49, suggesting that rotation, translation, and
�ipping could be used. On the contrary, Data Augmentation
2 scored the lowest validation MCC on the three datasets,
with an overall MCC D 0.44, suggesting that a combination
of rotation, translation, and shear are “not recommended”
as an augmentation step during the process of developing a
COVID-19 detector. We will focus on analyzing the behavior of
Data Augmentation 2 and Data Augmentation 4; the former is
worst, and the latter is the best relative to the four augmentation
methods tested. Note that Data Augmentation 4, which scored
the highest validation MCC compared to the other augmentation
methods, did not outperform without augmentation.

Figure 2A shows and example of X-ray image for a subject
diagnosed with COVID-19 using PCR. Examples of random
outputs for applying Augmentation 2 toFigure 2A are shown
in Figure 2B. The overall training accuracy with Augmentation
2 is signi�cantly lower (p << 0.0001 in all datasets) than the
training accuracy without any augmentation method over three
datasets, as shown inFigure 2C. However, the same �nding
was observed over the validation accuracy, with signi�cance
(p D 0.002,p D 0.015,p D 0.001, for Dataset 1, Dataset
2, Dataset 3, respectively), as shown inFigure 2D. Over three
datasets, it is clear that Augmentation 2 helps prevent over�tting,
however, it does not help with generalization compared to models
without augmentation.

Interestingly, the overall validation accuracy without
augmentation was signi�cantly higher than the overall validation
accuracy with Augmentation 2, withp < 0.05 over the three
datasets, as shown inFigure 2D. This �nding contradicts results
usually reported (40) in computer vision where the overall
validation accuracy without augmentation is lower than the
overall validation accuracy with any augmentation methods.

Figure 3 shows the e�cacy of Data Augmentation 4
on three datasets. Similar to Data Augmentation 2, the
augmentation methods help prevent over�tting; however, it fails
in generalization as its validation accuracy is less than without
augmentation. It is worth mentioning that the overall validation
accuracy without augmentation wasnot signi�cantly di�erent
from the overall validation accuracy with Augmentation 4, as
p D 0.11,p D 0.06,p D 0.07, for Dataset 1, Dataset 2, Dataset
3, respectively (Figure 3D). The performance of Augmentation
4 was ranked �rst compared to the other augmentation methods
based on the MCC, as its average MCC = 0.49 is closest to the
MCC without augmentation MCC = 0.51, as shown inTable 1.

Figure 4 shows the impact of Data Augmentation 2 on
network architectures with smaller size, which led to unstable
(�uctuating with high variance) performance. As the model
size increases from 200 to 500 MB, the generalization accuracy
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FIGURE 1 | Application of different geometric augmentation transformations to a COVID-19 X-ray image.

TABLE 1 | Comparison of augmentation steps using three datasets.

Matthews correlation coef�cient average (standard deviat ion)

Re�ection Scaling Shearing Translation Rotation
Dataset 1

CHC

Dataset 2

LSU

Dataset 3

LSU+CHC

Average

(standard deviation)

None – – – – – 0.93 (0.05) 0.24 (0.06) 0.37 (0.05) 0.51 (0.37)

Data Augmentation 1 (21) X X X X X 0.87 (0.1) 0.19 (0.06) 0.35 (0.04) 0.47 (0.35)

Data Augmentation 2 (22) – – X X X 0.8 (0.15) 0.2 (0.06) 0.33 (0.05) 0.44 (0.32)

Data Augmentation 3 (23) X – – – X 0.87 (0.09) 0.21 (0.04) 0.34 (0.07) 0.48 (0.35)

Data Augmentation 4 (6) X – – X X 0.91 (0.05) 0.21 (0.04) 0.34 (0.06) 0.49 (0.37)

The Matthews correlation coef�cient (MCC) is used as an evaluation measure. An MCC coef�cient ofC1 represents a perfect prediction while� 1 indicates total disagreement between
prediction and observation. The average of 17 MCCs obtained from 17 deep learning algorithms with cross validation KD 10 is reported.

becomes more stable. Small networks,< 200 MB, have a
limited capacity, which introduces an additional bias that could
destabilize generalization, leading to over�tting. Interestingly,
over all three datasets, the overall validation accuracy without
augmentation is higher than the overall validation accuracy with
Data Augmentation 2. In fact, the overall validation accuracy
without augmentation was almost stable (� D 2.5, � D 2.8,
� D 2.5, for Dataset 1, Dataset 2, and Dataset 3, respectively)
and consistent over di�erent network sizes compared to that with
augmentation, where� D 4.7,� D 8.2,� D 5.0, for Dataset 1,
Dataset 2, and Dataset 3, respectively, as shown inFigures 4A–C.

Figure 5A shows that Data Augmentation 4 was relatively
stable (� D 2.5) regardless of the network size over the CHC
dataset. Over the CHC, LSU, and CHCCLSU, the larger the

network size, the accuracy of models with Data Augmentation
4 could get higher than without augmentation, as shown in
Figures 5A–C. However, it is not a stable result, as� D 4.2
and � D 8.3 with augmentation compared to� D 4.2 and
� D 8.3 without the augmentation step on Dataset 1 and
Dataset 2, respectively. In other words, one large network size
can improve the overall validation accuracy with augmentation
4. However, it does not mean that Data Augmentation 4 will have
the same (or similar) e�ect using a di�erent network. Stability
over di�erent sizes is vital to evaluate the impact of the data
augmentation method.

A recently published model (19) used an augmentation step
that rotated the X-ray images by random angles in the range
[� 3, 3] degrees and resized the X-ray images by random
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FIGURE 2 | Ef�cacy of Data Augmentation 2 (22) on X-ray images with and without COVID-19.(A) An example of applying Data Augmentation 2, which includes
shear operation within the range [� 30, 30], random rotation within the range [� 90, 90], and random translation from pixel range [� 10, 10] to a COVID-19 X-ray image.
(B) Comparing the overall accuracy of 17 deep neural networks toexamine the ef�cacy of Data Augmentation 2 (21) when applied to three datasets.(C) Boxplots to
show the overall statical different between training with and without augmentation over three datasets.(D) Boxplots to show the overall statical different between
validation with and without augmentation. Note that results shown in (C,D) are obtained from cross validation withK D 10.

scale factors in the range [1, 2]. We sought to remove the
augmentation step of this algorithm and examine if our �nding
was valid. We then removed the augmentation step and reran
the whole analysis (19) to compare the impact of the data
augmentation step.

As shown inFigure 6, Method II resulted in 346 predictions
that were correct when compared to Method I did not
predict. On the contrary, Method I resulted in 81 correct
predictions that Method II did not predict. Thus, based on
this 346: 81 ratio, we may conclude that Method II performs
substantially better than Method I. However, to quantify the
impact, the accuracy and the statistical signi�cance need tobe
reported. The accuracy of each method can be calculated as
follow: Method I (Aug) accuracy = 5, 469=5, 854 = 93.42% and
Method II (No Aug) accuracy = 5, 734=5, 854 = 97.95%. Based
on accuracy calculation, Method II outperformed Method I,
suggesting that adding the augmentation step is decreasingthe
detection accuracy. We then applied the McNemar's Test, and
we obtained a� 2

McNemar0s statistic= 163.2, with ap-value of 2.23�

10� 37, which is below the set signi�cance threshold (� = 0.05)
and lead to the rejection of the null hypothesis; we can conclude
that the methods' performances are di�erent. In fact, Method II
signi�cantly outperformed Method I. Researchers often blindly
assume that applying any data augmentation step improves
accuracy, but this is not always the case, and could be dependent
on the application and augmented data utilized.

Clinical Perspective
Data augmentation is a great tool that can provide new images
that preserve original features, but it can also generate noisethat
can be harmful to the training phase. As an example, applying
rotations and �ips for detecting a dog in an image, such as
in ImageNet challenges (45), is considered “acceptable.” On
the contrary, applying the same geometrical augmentations for
classifying a digit such as 6 vs. 9, is “not recommended” (5). If the
purpose was to recognize a dog in an image, then rotation with a
wide range could be acceptable, but if the purpose was to detect
COVID-19 in an X-ray image, then rotation could harm the
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FIGURE 3 | Ef�cacy of Data Augmentation 4 (6) on X-ray images with and without COVID-19.(A) An example of applying Data Augmentation 4, which includes
rotation by 10 degree, translation, and horizontally re�ection to a COVID-19 X-ray image.(B) Comparing the overall accuracy of 17 deep neural networks toexamine
the ef�cacy of Data Augmentation 2 (21) when applied to three datasets.(C) Boxplots to show the overall statistical different betweentraining with and without
augmentation over three datasets.(D) Boxplots to show the overall statistical different betweenvalidation with and without augmentation. Note that results shown in
(C,D) are obtained from cross validation withK D 10.

training phase. Furthermore, the accuracy of the deep learning
is heavily impacted by the rotation degree.

In computer vision, it seems that applying geometric
augmentation steps such as rotation and re�ection are generally
“acceptable.” However, applying the augmentation step must be
sensible and plays an e�ective role in detecting the required
pattern. In other words, the network trained with augmentation
needs to be more robust and accurate than expected variations
of the same X-Ray images. The augmentation step is a domain
dependent, not an arbitrary step, that can be applied to all
research �elds in the same way.

Applying an augmentation without a clinical consideration
may lead to achieving lower accuracy on the validation dataset.
Below, we try to discuss di�erent geometric augmentations
and label them clinically “acceptable,” “possible,” “not
recommended.” This may help organize what to consider
and what not to consider during the development of a deep
learning algorithm in terms of data augmentation.

After augmentation, the generated augmented images do
not get labeled by radiologists to con�rm that their validity.
Getting radiologists to label original X-ray images is challenging
already given their limited time. The requirement to label
the augmented images is not practical and perhaps cannot
be facilitated.

To close this gap, and speed up the process, between the
computer scientists and clinicians, we sought the opinion of
radiologists on the di�erent geometric augmentation steps. This
could help in designing new algorithmic approaches for detecting
COVID-19 using X-ray images in the near future. Presented here
is some of that clinical input for consideration:

1. Re�ection: Re�ection in x-axis is a step that is unusual, as the
x-ray is �ipped upside down. This step is “not recommended,”
as it is an adding unnecessary noise that may mislead the
learning algorithm. For example, applying this step for digit
recognition is “not recommended,” the neural network will
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FIGURE 4 | Effect of network size on Data Augmentation 2 (22) for detecting X-ray images with and without COVID-19.(A) CHC Dataset.(B) LSU Dataset.(C)
CHC+LSU Dataset. Here,� refers to standard deviation of performance with respect tonetwork size, which is calculated to measure stability overdifferent network
sizes, high value means less stability.

not be able di�erentiate between number 6 and number 9.
Re�ection in y-axis doesnot change Posterior-Anterior (PA)
to Anteroposterior (AP). However, it would lead to non-
physiologic images (e.g., heart in the right thorax rather
than the left thorax), which might confound learning and is
“not recommended.” There is no existing data augmentation
technique that can simulate the di�erences between PA and
AP chest x-ray images, since relative positioning in patient,x-
ray tube, and detector produce di�erential magni�cation and
a�ect edge de�nition.

2. Rotation: Applying rotation to X-ray images could be helpful.
However, it depends on the range of rotation a severe rotations
can be harmful. Slight rotations such as between� 5 and 5
are seen in clinical practice, however, severe rotations such

as between� 90 and 90 are “not recommended,” as the
generated X-rays are unlikely to be encountered, and can add
unnecessary noise to the learning model.

3. Scaling: Scaling can be in x-axis, y-axis, or both.
When large scaling (> � 1) is applied, regardless of
the direction, the augmented X-ray image will be a
stretched version of the original X-ray. When a small
scaling (< � 1) is applied, the size augmented X-ray
will be less than the original image. An equal scaling
in x-axis and y-axis is “possible,” however, scaling
in only the x-axis or y-axis can be considered “not
recommended” clinically.

4. Shearing: Shearing can be applied to x-axis, y-axis,
or both directions. It is measured as an angle in
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FIGURE 5 | Effect of network size on Data Augmentation 4 (6) for detecting X-ray images with and without COVID-19.(A) CHC Dataset.(B) LSU Dataset.(C)
CHC+LSU Dataset. Here,� refers to standard deviation of performance with respect tonetwork size, which is calculated to measure stability overdifferent network
sizes, high value means less stability.

degrees, and is in the range� 90 to 90. The augmented
X-ray images look like the original skewed in the
speci�ed direction(s). This step can be considered
“not recommended,” as it produces images that do not
exist clinically.

5. Translation: Translation or “Shifting” X-ray images up, down,
left, or right, could be a useful augmentation step. This is
because the X-ray images do not always produce lungs in
the center of the image. This can depend on the patient's
position, as well as the radiographic unit itself, such as if
it is portable. Having X-ray images where the lungs are
centered could lead to a more robust COVID-19 detector.
As such, this step seems to be “acceptable” clinically as it is

observed. However, there is no clearly recommended range
for translation.

Scaling augmentation may be a useful method in computer vision
applications, especially for capturing a certain pattern in an
image. However, for the purpose of detecting COVID-19, it can
negatively impact detection accuracy. Unfortunately, applying
rotation and scaling augmentations to deep neural networkscan
reduce the classi�cation accuracy (46). So far, we have tested
a subset of data augmentation methods, speci�cally geometric
transformations. There are other augmentation methods that
need to be tested, such as color space augmentations, feature
space augmentations, and adversarial training.
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FIGURE 6 | Comparing the performance of two models (with and without
augmentation) on Dataset 4 (Testing) of a recently published algorithm (19) for
detecting COVID-19 after training the algorithm on Dataset 1(Training and
Validation). McNemar's Test was used to compare the predictive accuracy of
two models: Method I (augmentation) and Method II (no augmentation).B is
the number of X-ray images that were detected correctly by Method II and
incorrectly detected by Method I, whileC is the number of X-ray images that
were detected correctly by Method I and incorrectly by Method II. Results
show that the deep learning model without augmentation (Method II)
signi�cantly outperformed the same model with augmentation.

The main goal of this paper was not to explore the optimal
deep learning algorithm to detect COVID-19; rather, the purpose
was to examine the impact of simple geometric transformations
on the overall performance of detecting COVID from X-ray
images. Based on the results obtained by a recent study (19),
DarkNet-19 performed better without the augmentation step
than with augmentation.

LIMITATIONS AND RECOMMENDATIONS
FOR FUTURE WORK

There are several limitations to this work. First, we did not
investigate all possible combinations of augmentation methods,
and only relying upon combinations used in four scienti�c
articles (6, 21–23) published recently. Second, a sample testing
dataset of true positives provides an incomplete view of the
deep learning model's performance. The overall performance
for all datasets (i.e., healthy, non-COVID-19 viral pneumonia,
and bacterial pneumonia) before and after data augmentation
would show the wider impact of data augmentation. Third,
we did not segregate the X-ray images based on technique
PA vs. AP nor patient positioning (supine vs. erect versus
semi-erect for example), which could have resulted in errors.
Although lateral X-rays were excluded, and only AP and PA

were used, it is possible that including only one view, such as
AP (the most common), might improve the overall accuracy.
Finally, we included only non-COVID-19 viral pneumonia and
bacterial pneumonia, and including other respiratory pathology
might improve the speci�city of the deep learning algorithm in
detecting COVID-19.

1. We are fortunate that were given access to COVID-19 X-ray
images from VGH and LSU. There is the need, however, for
a publicly available X-ray dataset that contains a large sample
size for COVID-19 collected across a diverse population (e.g.,
males, females, young, and old).

2. Future research studies need to include the duration between
the time of capturing X-ray images and the time of PCR test.
Sometimes the X-ray looks clinically normal, however, the
PCR reports COVID-19.

3. When developing a COVID-19 detector via X-ray images, it is
important to report results with and without augmentation.

4. Optimization over each geometric augmentation is needed.
For example, de�ning an “acceptable” range of rotation.

5. Consistent listing or exclusion of confounders for each X-ray
image, such as BMI extermes can help with the development
of a robust COVID-19 detector.

6. Future research must consider investigating building a
COVID-19 detector for each measurement position PA or AP.

7. There is the need to create a COVID-19 datasets with
and without electrodes, tubes and other external radio-
opaque artifacts.

8. One of the next steps is to quantify the e�ect of each
geometrical transformation on di�erent datasets. This can
be carried out by calculating the average improvement in
validation accuracy for each transformation when they are
added to a random subset of transformations (47).

CONCLUSION

In conclusion, these �ndings indicate that geometrical data
augmentation in X-ray images may not be an e�ective strategy
in detecting COVID-19. Unlike other computer vision learning
problems, in which a certain pattern, such as a dog vs. a cat, can
be located somewhere in an image, COVID-19, bacterial, and
non-COIVD-19 viral pneumonias do not have speci�c shapes
or dimensions on a chest X-ray image. Moreover, the overall
validation accuracy without augmentation was almost stable and
consistently higher than with augmentation over three datasets.
These �ndings could improve currently published algorithms
for the purpose of COVID-19 detection and could guide future
research on the topic.

DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included
in the article/supplementary material, further inquiries canbe
directed to the corresponding author/s.

Frontiers in Medicine | www.frontiersin.org 10 March 2021 | Volume 8 | Article 629134



Elgendi et al. Effectiveness of Augmentation for COVID-19 Detection

ETHICS STATEMENT

The studies involving human participants were reviewed
and approved by The University of British Columbia. The
patients/participants provided their written informed consent to
participate in this study.

AUTHOR CONTRIBUTIONS

ME designed the study, analyzed data, and led the investigation.
MN, DS, J-PG, CB, BS, WL, WP, and SN provided two

X-ray datasets, annotated X-ray images, and checked the
clinical perspective. ME, MN, QT, DS, J-PG, CB, BS,
WL, WP, SN, RF, NH, CM, and RW conceived the study
and drafted the manuscript. All authors approved the
�nal manuscript.

FUNDING

This research was supported by the NSERC grant RGPIN-2014-
04462 and Canada Research Chairs (CRC) program.

REFERENCES

1. Alwan NA, Burgess RA, Ashworth S, Beale R, Bhadelia N, Bogaert D,et al.
Scienti�c consensus on the COVID-19 pandemic: we need to act now.Lancet.
(2020) 396:e71–2. doi: 10.1016/S0140-6736(20)32153-X

2. Mahony JB, Blackhouse G, Babwah J, Smieja M, Buracond S, ChongS,
et al. Cost analysis of multiplex PCR testing for diagnosing respiratory virus
infections.J Clin Microbiol.(2009) 47:2812–7. doi: 10.1128/JCM.00556-09

3. Liang W, Yao J, He J. Early triage of critically ill COVID-19 patientsusing deep
learning.Nat Commun.(2020) 11:1–7. doi: 10.1038/s41467-020-17280-8

4. Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. Smote: synthetic
minority over-sampling technique.J Artif Intell Res.(2002) 16:321–57.
doi: 10.1613/jair.953

5. Shorten C, Khoshgoftaar TM. A survey on image data augmentation for deep
learning.J Big Data.(2019) 6:60. doi: 10.1186/s40537-019-0197-0

6. Yoo SH, Geng H, Chiu TL, Yu SK, Cho DC, Heo J, et al. Deep learning-based
decision-tree classi�er for COVID-19 diagnosis from chest X-rayimaging.
Front Med.(2020) 7:427. doi: 10.3389/fmed.2020.00427

7. Ucar F, Korkmaz D. Covidiagnosis-net: deep bayes-squeezenet based
diagnostic of the coronavirus disease 2019 (COVID-19) from X-rayimages.
Med Hypothes.(2020) 140:109761. doi: 10.1016/j.mehy.2020.109761

8. Islam MZ, Islam MM, Asraf A. A combined deep CNN-LSTM network forthe
detection of novel coronavirus (COVID-19) using X-ray images.Inform Med
Unlock.(2020) 20:100412. doi: 10.1016/j.imu.2020.100412

9. Panwar H, Gupta P, Siddiqui MK, Morales-Menendez R, Singh V.
Application of deep learning for fast detection of COVID-19 in X-rays using
ncovnet.Chaos Solitons Fract.(2020) 138:109944. doi: 10.1016/j.chaos.2020.1
09944

10. Apostolopoulos ID, Aznaouridis SI, & Tzani MA. Extracting possibly
representative COVID-19 biomarkers from X-ray images with deep learning
approach and image data related to pulmonary diseases.J Med Biol Eng.(2020)
40:462–9. doi: 10.1007/s40846-020-00529-4

11. Brunese L, Mercaldo F, Reginelli A, Santone A. Explainable deep
learning for pulmonary disease and coronavirus COVID-19 detection
from X-rays. Comput Methods Prog Biomed.(2020) 196:105608.
doi: 10.1016/j.cmpb.2020.105608

12. Apostolopoulos ID, Mpesiana TA. Covid-19: automatic detection from x-ray
images utilizing transfer learning with convolutional neural networks. Phys
Eng Sci Med.(2020) 43:635–40. doi: 10.1007/s13246-020-00865-4

13. Ozturk T, Talo O, Yildirim EA, Baloglu US, Yildirim O, Acharya
UR, et al. Automated detection of COVID-19 cases using deep neural
networks with X-ray images.Comput Biol Med. (2020) 121:103792.
doi: 10.1016/j.compbiomed.2020.103792

14. Mahmud T, Rahman MA, Fattah SA. Covxnet: A multi-dilation
convolutional neural network for automatic COVID-19 and other
pneumonia detection from chest X-ray images with transferable multi-
receptive feature optimization.Comput Biol Med. (2020) 122:103869.
doi: 10.1016/j.compbiomed.2020.103869

15. Khan AI, Shah JL, Bhat MM. Coronet: A deep neural network for detection
and diagnosis of COVID-19 from chest X-ray images.Comput Methods Prog
Biomed.(2020) 196:105581. doi: 10.1016/j.cmpb.2020.105581

16. Pereira RM, Bertolini D, Teixeira LO, Silla CN Jr, Costa YM. COVID-
19 identi�cation in chest X-ray images on �at and hierarchical

classi�cation scenarios.Comput Methods Prog Biomed(2020) 194:105532.
doi: 10.1016/j.cmpb.2020.105532

17. Altan A, Karasu S. Recognition of COVID-19 disease from X-ray images
by hybrid model consisting of 2D curvelet transform, chaotic salp swarm
algorithm and deep learning technique.Chaos Solitons Fract.(2020)
140:110071. doi: 10.1016/j.chaos.2020.110071

18. Sekeroglu B, Ozsahin I. Detection of COVID-19 from chest X-rayimages
using convolutional neural networks.SLAS Technol.(2020) 25:553–65.
doi: 10.1177/2472630320958376

19. Elgendi M, Nasir MU, Tang Q, Fletcher RR, Howard N, Menon C, et al.
The performance of deep neural networks in di�erentiating chest x-rays of
COVID-19 patients from other bacterial and viral pneumonias.Front Med.
(2020) 7:550. doi: 10.3389/fmed.2020.00550

20. Smith DL, Grenier JP, Batte C, Spieler B. A characteristic chestradiographic
pattern in the setting of COVID-19 pandemic.Radiology.(2020) 2:e200280.
doi: 10.1148/ryct.2020200280

21. Nishio M, Noguchi S, Matsuo H, Murakami T. Automatic classi�cation
between COVID-19 pneumonia, non-COVID-19 pneumonia, and the healthy
on chest X-ray image: combination of data augmentation methods.Sci Rep.
(2020) 11:17532. doi: 10.1038/s41598-020-74539-2

22. Ahuja S, Panigrahi BK, Dey N, Rajinikanth V, Gandhi TK. Deep transfer
learning-based automated detection of covid-19 from lung ct scanslices.Appl
Intell. (2020) 51:1–15. doi: 10.1007/s10489-020-01826-w

23. Zhang R, Tie X, Qi Z, Bevins NB, Zhang C, Griner D, et al. Diagnosis of
covid-19 pneumonia using chest radiography: value of arti�cial intelligence.
Radiology.(2020) 298:202944. doi: 10.1148/radiol.2020202944

24. Krizhevsky A, Sutskever I, Hinton GE. Imagenet classi�cation with
deep convolutional neural networks.Commun ACM. (2017) 60:84–90.
doi: 10.1145/3065386

25. Iandola FN, et al. Squeezenet: Alexnet-level accuracy with 50x fewer
parameters and< 0.5 mb model size.arXiv [Preprint]. arXiv:1602.07360
(2016).

26. Szegedy C, Han S, Moskewicz MW, Ashraf K, Dally WJ, Keutzer K.Going
deeper with convolutions. In:Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Boston, MA (2015). p. 1–9.

27. He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition.
In: Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas, NV (2016). p. 770–8.

28. Redmon J.Darknet: Open Source Neural Networks in C(2013–2016). Available
online at: http://pjreddie.com/darknet/

29. Zhang X, Zhou X, Lin M, Sun J. Shu�enet: an extremely e�cient
convolutional neural network for mobile devices. In:Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. Salt Lake City, UT
(2018). p. 6848–56.

30. Zoph B, Vasudevan V, Shlens J, Le QV. Learning transferable architectures
for scalable image recognition. In:Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Salt Lake City, UT (2018). p.
8697–710.

31. Chollet F. Xception: deep learning with depthwise separable convolutions.
In: Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu, HI (2017). p. 1251–8.

32. Sandler M, Howard A, Zhu M, Zhmoginov A, Chen LC. Mobilenetv2:
Inverted residuals and linear bottlenecks. In:Proceedings of the IEEE

Frontiers in Medicine | www.frontiersin.org 11 March 2021 | Volume 8 | Article 629134



Elgendi et al. Effectiveness of Augmentation for COVID-19 Detection

Conference on Computer Vision and Pattern Recognition. Salt Lake City, UT
(2018). p. 4510–20.

33. Huang G, Liu Z, Van Der Maaten L, Weinberger KQ. Densely connected
convolutional networks. In:Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu, HI (2017). p. 4700–8.

34. Szegedy C, Io�e S, Vanhoucke V, Alemi AA. Inception-v4, inception-resnet
and the impact of residual connections on learning. In:Thirty-First AAAI
Conference on Arti�cial Intelligence. San Francisco, CA (2017).

35. Xia X, Xu C, Nan B. Inception-v3 for �ower classi�cation. In:2017 2nd
International Conference on Image, Vision and Computing (ICIVC). Chengdu
(2017). p. 783–7.

36. Simonyan K, Zisserman A. Very deep convolutional networks for large-scale
image recognition.arXiv [Preprint]. arXiv:1409.1556. (2014).

37. Pan SJ, Yang Q. A survey on transfer learning.IEEE Trans Knowl Data Eng.
(2009) 22:1345–59. doi: 10.1109/TKDE.2009.191

38. Shao L, Zhu F, Li X. Transfer learning for visual categorization:
A survey. IEEE Trans Neural Netw Learn Syst.(2014) 26:1019–34.
doi: 10.1109/TNNLS.2014.2330900

39. Kohavi R, A study of cross-validation and bootstrap for accuracy estimation
and model selection. In:Ijcai, Vol. 14. (1995) Montreal, QC. p. 1137–45.

40. Wang J, Perez L. The e�ectiveness of data augmentation in image classi�cation
using deep learning.arXiv [Preprint]. arXiv:1712.04621. (2017).

41. Chicco D, Jurman G. The advantages of the matthews correlation coe�cient
(MCC) over f1 score and accuracy in binary classi�cation evaluation. BMC
Genomics.(2020) 21:6. doi: 10.1186/s12864-019-6413-7

42. McNemar Q. Note on the sampling error of the
di�erence between correlated proportions or percentages.
Psychometrika. (1947) 12:153–7. doi: 10.1007/BF022
95996

43. Edwards AL. Note on the “correction for continuity” in testing the signi�cance
of the di�erence between correlated proportions.Psychometrika. (1948)
13:185–7. doi: 10.1007/BF02289261

44. Chen D, Ji S, Liu F, Li Z, Zhou X. A review of automated diagnosis of covid-19
based on scanning images. (2020).

45. Deng J, Dong W, Socher R, Li LJ, Li K, Fei-Fei L. Imagenet: a large-scale
hierarchical image database. In:2009 IEEE Conference on Computer Vision
and Pattern Recognition. Miami, FL (2009). p. 248–55.

46. Engstrom L, Tran B, Tsipras D, Schmidt L, Madry A. In: Chaudhuri K,
Ruslan S, editors.Proceedings of the 36th International Conference on Machine
Learning, Vol. 97. Beach, CA: Proceedings of Machine Learning Research
(2019). p. 1802–11.

47. Cubuk ED, Zoph B, Shlens J, Le QV. Randaugment: Practical automated data
augmentation with a reduced search space. In:Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition Workshops. (2020) p.
702–3.

Con�ict of Interest: The authors declare that the research was conducted in the
absence of any commercial or �nancial relationships that could be construed as a
potential con�ict of interest.

Copyright © 2021 Elgendi, Nasir, Tang, Smith, Grenier, Batte, Spieler, Leslie, Menon,
Fletcher, Howard, Ward, Parker and Nicolaou. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.

Frontiers in Medicine | www.frontiersin.org 12 March 2021 | Volume 8 | Article 629134


	The Effectiveness of Image Augmentation in Deep Learning Networks for Detecting COVID-19: A Geometric Transformation Perspective
	Introduction


