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To Extract Edges in an Image

horizontal edges

vertical edges
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Convolutional layer (Conv)
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Padding

∗ =

Size of input data: 𝒏 × 𝒏,          Size of filter: 𝒇 × 𝒇
Size of output: (𝒏 − 𝒇 + 𝟏) × (𝒏 − 𝒇 + 𝟏)
Example: 𝟔 − 𝟑 + 𝟏 = 𝟒, hence 𝟒 × 𝟒, size is reduced!

Use padding, extra border of 1 all around, (𝒑 = 𝟏) gives output of 

𝒏 + 𝟐𝒑 − 𝒇 + 𝟏 × 𝒏 + 𝟐𝒑 − 𝒇 + 𝟏 = 𝟔 × 𝟔 (same as original data size)
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Padding
• “Valid” (no padding):    𝑛 × 𝑛 ∗ 𝑓 × 𝑓 → (𝑛 − 𝑓 + 1) ×

(𝑛 − 𝑓 + 1)
• 6 × 6 ∗ 3 × 3 → 4 × 4

• “Same”: Pad so that output size is the same as the input 
size

• 𝑛 + 2𝑝 − 𝑓 + 1 = 𝑛 ⇒ 𝑝 =
𝑓−1

2

• 𝑓 = 3, 𝑝 =
3−1

2
= 1, 𝑜𝑟 𝑓 = 5, 𝑝 = 2
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𝑛 × 𝑛 ∗ 𝑓 × 𝑓 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 𝑝, 𝑠𝑡𝑟𝑖𝑑𝑒 𝑠 ⇒ ⌊
𝑛 + 2𝑝 − 𝑓

𝑠
+ 1⌋ × ⌊

𝑛 + 2𝑝 − 𝑓

𝑠
+ 1⌋

(7 + 0 − 3)/2 + 1 = 4/2 + 1 = 3
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Multiple Filter (Convs)

=

6 x 6 x 3

4 x 4

3 x 3 x 3

∗

∗

3 x 3 x 3

=

4 x 4

𝑛 × 𝑛 × 𝑛𝑐 ∗ 𝑓 × 𝑓 × 𝑛𝑐

⇒ 𝑛 − 𝑓 + 1 × 𝑛 − 𝑓 + 1 × 𝑛𝑓

6 × 6 × 3 ∗  3 × 3 × 3 ⟹ 4 × 4 × 2 (#𝑓𝑖𝑙𝑡𝑒𝑟𝑠)
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Multiple Filter (Convs)

⇒ Relu(

6 x 6 x 3

4 x 4

3 x 3 x 3

∗

∗

3 x 3 x 3

4 x 4

+ 𝑏1)
⇒

𝑧[1] = 𝑊[1]𝑎[0] + 𝑏[1]

𝑎[1] = 𝑔(𝑧 1 )

𝑧[1] = 𝑊[1]𝑎[0]𝑊[1]

𝑎[0]

4 x 4

𝑎[1] = 𝑔(𝑧 1 )

⇒ Relu(
+ 𝑏1)

⇒

4 x 4
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No. Parameters

• If you have 10 filters that are 3 x 3 x 3 in one layer of a neural 
network, how many parameters does that layer have?

• (3 x 3 x 3 + 1) x 10 = 280 parameters

• No matter how large the input image is, the number of parameters is 
fixed to 280 for 10 filters of size 3 x 3 x 3.

3 x 3 x 3 3 x 3 x 3 3 x 3 x 3

…
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Summary
If layer 1 is a convolution layer:   

 Activations: 𝒂[𝒍] ⇒ 𝒏𝑯
[𝒍]

× 𝒏𝑾
[𝒍]

× 𝒏𝑪
[𝒍]

• 𝑓[𝑙] = 𝑓𝑖𝑙𝑡𝑒𝑟 𝑠𝑖𝑧𝑒     

  Weights: 𝒇[𝒍] × 𝒇[𝒍] × 𝒏𝑪
[𝒍−𝟏]

× 𝒏𝑪
[𝒍]

• 𝑝[𝑙] = 𝑝𝑎𝑑𝑑𝑖𝑛𝑔      

 Bias: 𝒏𝑪
[𝒍]

• 𝑠[𝑙] = 𝑠𝑡𝑟𝑖𝑑𝑒

• 𝑛𝐶
[𝑙]

= 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑖𝑙𝑡𝑒𝑟𝑠

• Each filter is: 𝑓[𝑙] × 𝑓[𝑙] × 𝑛𝐶
[𝑙−1]

• Input Size: 𝑛𝐻
[𝑙−1]

× 𝑛𝑊
[𝑙−1]

× 𝑛𝐶
[𝑙−1]

• Output Size:  𝑛𝐻
[𝑙]

× 𝑛𝑊
[𝑙]

× 𝑛𝐶
[𝑙]

• 𝑛𝐻
[𝑙]

=  
𝑛𝐻

[𝑙−1]
+2𝑝[𝑙]−𝑓[𝑙]

𝑠[𝑙] + 1

• 𝑛𝑊
[𝑙]

=  
𝑛𝑊

[𝑙−1]
+2𝑝[𝑙]−𝑓[𝑙]

𝑠[𝑙] + 1
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Hyperparameters

f = 3

s = 1

5 x 5

3 x 3

Note: For multiple channels, the above max 

pooling is done for each channel
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Hyperparameters

•  f: filter size

•  s: stride

•  Max or average pooling

•  Usually, p = 0, no padding

𝑛𝐻 × 𝑛𝑊 × 𝑛𝐶 ⟶  
𝑛𝐻 − 𝑓

𝑠
+ 1 ×  

𝑛𝐻 − 𝑓

𝑠
+ 1 × 𝑛𝐶
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