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» CNN works on gradients
» Magnify gradient by short ranged small changes

» Add your noise to the image, the difference will always be less
than 1% so invisible by eye (in most cases)



Why do we neet data augmentation? Example: VGG16

Layer (typel Output Shape Param #
conv2d_1 (ConvaD) (None, 224, 224, 64) 1792
conv2d 2 (ConviD) (None, 224, 224, 64) 36928
max_pooling2d 1 [MaxPooling? (None, 112, 112, 64) B
conv2d_3 (ConvaD) (None, 112, 112, 128} 73856
conv2d_4 (ConvaD) (None, 112, 112, 128) 147584
max_pooling2d 2 (MaxPooling2 (None, 56. 56, 128) ]
conv2d 5 (ConvaD) (None, 56, 56, 256) 205168
conv2d 6 (ConvaD) {None, 56, 56, 236) 506886
conv2d_7 (ConvaD) (None, 56, 56, 236) 596886
max_pooling2d 3 (MaxPooling2 (None, 28, 28, 256) 0
conv2d_8 (ConvaD) (None, 28, 28, 512) 1180168
conv2d 9 (ConvaD) (None, 28, 28, 512) 2359868
conv2d 18 (Conv2D) (None, 28, 28, 512) 2350868
max_pooling2d 4 [MaxPooling? (None, 14, 14, 512} B
conv2d_11 {Conv2D) (None, 12, 14, 512) 2350868
conv2d_12 (Conv2D) (None, 14, 14, 512) 2359808
conv2d_13 (Conv2D) (None, 14, 14, 512) 2339868
max_pooling2d 5 (MaxPoolingZ (None, 7, 7, 512) 8
Flatten L (Flatten] {None, 25688) B
dense_1 (Dense) (None, 4806) 182764544
dropout_L (Dropout) (None, 4896) 0
dense_2 (Densel (None, 4896) 16781312
dropout_2 (Dropout) None, 4896) ]
dense 3 (Dense) (None, 2) 8194

Total params: 134,268,738
Trainable params: 134,268,738
Non-trainable params: B
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Why do we

neet data augmentation

Tayer (eype) Gutput Shape Param ¥
conv2a 1 (Comva0) (Nere, 224, 228, 64) 1792
conv2d 2 (Com20] Thore, 224, 228, 641 36028
max_poolingzd 1 (Repoting? (flone, 112, 112, 64 8

convzd 3 (Conva0) Thore, 112, 112, 128)  738%
convad 4 (Convan] Tor, 112, 112, 158 147584
nax_pooling2d 2 (Naxposting? (lane, 56, 56, 1281 g

convzd 5 (Comv20) THore, 56, 36, 256) 255168
convzd 6 (ConvaD) THore. 56, 36, 256) 596688
convad 7 (Conan] Ter, 56, 36, 256 T
nax_pooling2d 3 (Naxposting? (None, 28, 28, 256 g
convzd B (Comv20) Thore, 28, 26, 512) Tia160
convzd  (Conva0) THore, 2. 26, 512) 550868
“onvad 10 (ComaD] Tone, 28, 28, 512] 550808
nax_pooling2d 4 (Narposting? ene, 14, 18, 5121 g
convzd 11 (€om2B) Thore, 14, 14, 312) 2355868
convzd 12 (Com2D) Thore, 14, 14, 512) 555868
“onvad 13 (ComaD] Tere, 14, 14, 512] 550808
Rax poalingZil 5 (RaxPacting? (Nane, 7, 7, 5121 g
Fatten 1 (Flatten) Thore, 250881 0

dense 1 (Dense) THore., 46981 Toz7RdsE
rapout 1 (Brapavt] Tisna, 40967 g

dense 2 (Dense) THere, 4696) 1678112
drapout 2 (Brapat) THore, 4691 0

dense 3 (Dense) THore. 2) Ao

Total params: 134,268,738
Trainable parsms: 134,268,738
Mon-trainable params: 8

» We have millions of weights especially for large images

» Generally we have few thousand images at most



Data augmentation

» Add noise

» Do convolution (enhance, blur)
» Geometric transformation

> rotation (most neural networks do not recognize upside down
objects)

» distortion (viewed from angle, etc.)

» partial image (most often part of the object is hidden in the
image



Data augmentation

> rotation (most neural networks do not recognize upside down
objects)

» distortion (viewed from angle, etc.)
» partial image (most often part of the object is hidden in the
image
https://people.dmi.uns.ac.rs/ marko.savic/teaching/
rgl/resources/transformations.pdf
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https://people.dmi.uns.ac.rs/~marko.savic/teaching/rg1/resources/transformations.pdf
https://people.dmi.uns.ac.rs/~marko.savic/teaching/rg1/resources/transformations.pdf

Example

» One of the triangle from our shapes set



Original set
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Augmented set from the fourth
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Original set and augmented
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Original set and augmented
» Shapes are ok, but contrast and width is definitely off
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What kind of transformations?

» What you think may come for!
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