
Convolutional of Two Signals
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elementwise multiplication and sum of a filter and the signal (image)

𝑔 𝑥, 𝑦 = ℎ ∗ 𝑓 𝑥, 𝑦

= ෍

𝑖=−∞

∞

෍

𝑗=−∞

∞

ℎ 𝑖, 𝑗 𝑓 𝑥 − 𝑖, 𝑦 − 𝑗

Note: to implement convolution with a sliding mask, 

you must flip it in x and y because of the negated i,j indices
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Linear filters: examples
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Practice with linear filters
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Practice with linear filters
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Practice with linear filters
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Practice with linear filters
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Convolutional Filter Weights

Sliding Mask (Correlation) Weights



Impulse responseImage

Convolutional 

Filter

The impulse response (response to a single “1” pixel at the center of an image) 

should be a copy of the filter weights. True for convolution, not for correlation
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Can you match the texture to the response?

Mean abs responses
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