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Adjacency-based image transformations

We presented some point-based and adjacency-based
transformations in the previous lecture.

This lecture covers another important adjacency-based
transformation: convolution.

The convolution between an image and a kernel defines a
linear filtering.

One may use multiple linear filters for image feature
extraction in deep learning.
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Agenda

Simple kernel and multi-band kernel.

Convolution with a multi-band kernel.

Kernel bank.

Convolution with a kernel bank.
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Kernel

For a given adjacency A, a kernel (A,W ) is a moving image,
where W (qk − p) = wk ∈ < is a weight assigned to the
adjacent qk ∈ A(p) of any pixel p, k = 1, 2, . . . ,K .

For images with m bands (e.g., color images), the kernel is a
multi-band image (A,W), where W(qk − p) = wk ∈ <m is a
weight vector assigned to the adjacent qk ∈ A(p).

For filtering an image Î = (DI , I) with m bands, a kernel slides
from (−∞,−∞) to (+∞,+∞) (top-to-bottom,left-to-right),
but the filtered image is computed only for p ∈ DJ ⊆ DI .
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Kernel

A 3× 3×m filter sliding from top to bottom and left to right over
the image domain DI .

Different choices of kernel weights imply distinct filters.
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Convolution

The convolution between an image Î = (DI , I) and a filter (A,W)
creates a gray-scale image Ĵ = (DJ , J),

J(p) =
K∑

k=1

〈I(qk),wk〉,

〈I(qk),wk〉 =
m∑
i=1

Ii (qk)wki ,

for all p ∈ DI , with DJ forced to be ⊆ DI .
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Convolution

Alexandre Xavier Falcão MC940/MO445 - Image Analysis



The convolution algorithm

Input: Î = (DI , I) and {dxk , dyk ,wk}, k = 1, 2, . . . ,K .

Output: Ĵ = (DJ , J).

1. For each p = (xp, yp) ∈ DJ , do

2. J(p)← 0.

3. For k ← 1, 2, . . . ,K , do

4. q = (xq, yq)← (xp + dxk , yp + dyk)

5. If q = (xq, yq) ∈ DI , then

6. J(p)← J(p) + 〈I(q) · wk〉.
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Image filtering for feature extraction

The Sobel filters, for example, can enhance vertical and
horizontal edges of Î . The corresponding moving images, in
which the origin p is the central pixel, are
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Image filtering for feature extraction

The Sobel-vertical-edge kernel can enhance the characters of a car
plate and, as we will see later, the integral image can be exploited
to assign higher scores to the best candidate locations.
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Convolution with a kernel bank

The convolution between an image Î = (DI , I) and a set (bank) of
b kernels {(A,Wj)}bj=1 produces an image Ĵ = (DJ , J) with b
bands Jj , j ∈ [1, b],

Jj(p) =
K∑

k=1

〈I(qk),wk,j〉.

The adjacency A is usually fixed for all kernels because the
convolution can be very efficiently computed by matrix
multiplication using parallel programming.

One can also reduce the number of bands from m to b < m by
convolving an image with b filters of size 1× 1×m.
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Image filtering for feature extraction

A kernel bank {(A,Wj)}bj=1 may be organized such that the
weights wk,j of each kernel (A,Wj) are placed along column j ,
forming a kernel matrix K.

K =


w1,1 w1,2 . . . w1,b

w2,1 w2,2 . . . w2,b
...

...
...

...
wK ,1 wK ,2 . . . wK ,b


mK×b

where each vector wk,j ∈ <m is a column matrix.
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Image filtering for feature extraction

For an image (DI , I) and adjacency A, the vectors I(qi ,k) ∈ <m of
qi ,k ∈ A(pi ), k ∈ [1,K ], adjacent to each pixel pi ∈ DI ,
i ∈ {1, 2, . . . , |DI |}, are organized along the rows of a data matrix
XI .

XI =


I(q1,1) I(q1,2) . . . I(q1,K )
I(q2,1) I(q2,2) . . . I(q2,K )

...
...

...
...

I(q|DI |,1) I(q|DI |,2) . . . I(q|DI |,K )


|DI |×mK

where each vector I(qi ,k) ∈ <m is a row matrix.
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Image filtering for feature extraction

The multiplication XIK outputs a matrix XJ ,

XJ =


J(p1)
J(p2)

...
J(p|DI |)


|DI |×b

where each vector J(pi ) ∈ <b, i = 1, 2, . . . , |DI |, is a row matrix.

That is, XJ is the matrix organization of the filtered image (DJ , J),
DJ = DI .
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Examples

Let’s see Convolution.ipynb in notebooks.tar.gz
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