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1 Data Augmentation
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1.1 What is Data Augmentation?

† Data Augmentation: is a data processing step that increases the amount of avail-
able samples / data by performing transformations on the original data

† Examples: cropping, padding, flipping of images

† Challenge: the transformations should preserve the original labels / annotations of
the data.

† Counter-example: image of a number with label 6, data augmentation flips the
image upside down, new image looks like 9.

! !
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1.2 Why Data Augmentation?

† Data augmentation should improve performance of a machine learning framework,
especially if not a lot of data is available

† Data augmentation teaches a model about invariances in the data domain

† Data augmentation should reduce overfitting

† Data augmentation should improve generalization
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1.3 Example Operations / Transformations

† List of common image transformations that are used for data augmentation.

† Image transformations can have parameters. The parameter is denoted as magnitude
below.
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Operation Name Description
H-Flip Flip the image horizontally
V-Flip Flip the image vertically
Zoom / Crop Zoom into the image / crop a smaller region and resize
ShearX(Y) Shear the image along the horizontal (vertical) axis with rate

magnitude.
TranslateX(Y) Translate the image in the horizontal (vertical) direction by

magnitude number of pixels.
Rotate Rotate the image magnitude degrees.
AutoContrast Maximize the the image contrast, by making the darkest pixel

black and lightest pixel white.
Invert Invert the pixels of the image.
Equalize Equalize the image histogram.
Solarize Invert all pixels above a threshold value of magnitude.
Posterize Reduce the number of bits for each pixel to magnitude bits.
Contrast Control the contrast of the image. A magnitude=0 gives a gray

image, whereas magnitude=1 gives the original image.
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Color Adjust the color balance of the image, in a manner similar to
the controls on a colour TV set. A magnitude=0 gives a black
& white image, whereas magnitude=1 gives the original image.

Brightness Adjust the brightness of the image. A magnitude=0 gives a
black image, whereas magnitude=1 gives the original image.

Sharpness Adjust the sharpness of the image. A magnitude=0 gives a
blurred image, whereas magnitude=1 gives the original image.

Cutout Set a random square patch of side-length magnitude pixels to
gray.

Sample Pairing Linearly add the image with another image (selected at ran-
dom from the same mini-batch) with weight magnitude, without
changing the label.
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1.4 How to fill new pixels

† Several image transformations can introduce new pixels into the image, e.g. rotation

† We need to specify how to fill in the new pixels

† Example, from left to write

† set new pixels to a constant value. e.g. 0

† set new pixel colors to the nearest boundary pixel color

† reflect pixel colors at the boundary

† symmetric reflect: similar to reflect, except for the fact that, at the boundary of
reflection, a copy of the edge pixels are made

† wrap: image is repeated as if tiled
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1.5 Common Data Augmentation Examples

² Input Image:
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