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Chest X-ray imaging technology used for the early detection and 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

overfitting. While overfitting can result in perfect modeling on the original training dataset,

on a new testing dataset it can fail to achieve high accuracy. In the image processing

field, an image augmentation step (i.e., adding more training data) is often used to

reduce overfitting 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 influence 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 coefficient (MCC) of

17 models. The MCC without augmentation (MCC = 0.51) outperformed four recent

geometrical augmentations (MCC = 0.47 for Data Augmentation 1, MCC = 0.44 for

Data Augmentation 2, MCC = 0.48 for Data Augmentation 3, and MCC = 0.49 for

Data Augmentation 4). When we retrained a recently published deep learning without

augmentation on the same dataset, the detection accuracy significantly increased, with
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FIGURE 3 | Efficacy 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 reflection to a COVID-19 X-ray image. (B) Comparing the overall accuracy of 17 deep neural networks to examine

the efficacy of Data Augmentation 2 (21) when applied to three datasets. (C) Boxplots to show the overall statistical different between training with and without

augmentation over three datasets. (D) Boxplots to show the overall statistical different between validation with and without augmentation. Note that results shown in

(C,D) are obtained from cross validation with K = 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 reflection are generally
“acceptable.” However, applying the augmentation step must be
sensible and plays an effective 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 fields 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 different 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 confirm 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 different 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. Reflection: Reflection in x-axis is a step that is unusual, as the
x-ray is flipped 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, σ refers to standard deviation of performance with respect to network size, which is calculated to measure stability over different network

sizes, high value means less stability.

not be able differentiate between number 6 and number 9.
Reflection in y-axis does not 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 differences between PA and
AP chest x-ray images, since relative positioning in patient, x-
ray tube, and detector produce differential magnification and
affect edge definition.

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, σ refers to standard deviation of performance with respect to network size, which is calculated to measure stability over different 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
specified 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 augmentationmay 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 networks can

reduce the classification accuracy (46). So far, we have tested

a subset of data augmentation methods, specifically 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, while C 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)

significantly 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 scientific
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 specificity 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, defining 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 effect of each
geometrical transformation on different 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 findings indicate that geometrical data
augmentation in X-ray images may not be an effective 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 specific 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 findings could improve currently published algorithms
for the purpose of COVID-19 detection and could guide future
research on the topic.
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