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Today’s lecture

• Why do we care about image gradients?
• Computing image gradients
• Sobel filters
• Gradient magnitude and directions
• Visualizing image gradients
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Derivative
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Derivative
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Derivative
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Use finite difference approximation to compute 
image derivatives
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Use finite difference approximation to compute 
image derivatives
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Partial derivatives
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Image derivatives in 𝑥 and 𝑦 directions
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Image gradient ∇𝐼
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Gradient direction and magnitude
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Filters for computing image derivatives
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Image noise and gradients
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Image noise and gradients
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Summary

• Image gradients
• Finite-difference approximation filters
• Gradient magnitude and direction
• Image noise and gradients
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