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%hide
import numpy,scipy,scipy.ndimage,zlib
from numpy import *
from pylab import 
zeros,ones,diag,imshow,gray,imread,savefig,inv,arange
from pylab import cm
from scipy.linalg import norm
from scipy.fftpack import fft2,ifft2
from scipy.ndimage import filters,morphology,measurements
from scipy.ndimage.interpolation import rotate
def normalize(v): return v/norm(v)
def max1(v): return v*1.0/amax(v)
def show(image,**keys): imshow(real(image),**keys); gray(); 
savefig("temp.png")
def logshow(image): imshow(log(1.0+abs(image))); gray(); 
savefig("temp.png")
def make1d(image):
    return image.reshape(prod(image.shape[:-1]),image.shape[-1]) 

       

We're going to try to detect the corners of an object.  We're starting with a simple square.

image = zeros((100,100))
image[30:70,30:70] = 1.0
image = rotate(image,33,reshape=false)
image = image + random.normal(0.0,0.1,size=(100,100))
show(image) 



       

Next, we're smoothing the image and computing the local gradient direction and store it in Ix and Iy.

I = filters.gaussian_filter(image,(2.0,2.0))
Ix = roll(I,1,axis=1)-I
Iy = roll(I,1,axis=0)-I
show(Ix) 



       

Now, to detect corners and edges, we're asking the following question: consider the gradient vectors near a
point; what is their distribution?  (1) Do they point in many different directions?  (2) Do they point in just one

direction?  (3) Or are they all very small?

We can determine this by considering the collection of these vectors to be like samples from a 2D density and

then computing second order statistics on that collection (i.e., a covariance matrix).  When we look at the
eigenvalues of the covariance matrix, either both eigenvalues are big (1), only one eigenvalue is big (2), or both

eigenvalues are near 0 (3).

Let's look at this distribution for the entire image.

print amin(Ix),amin(Iy),amax(Ix),amax(Iy) 

       -0.182677038783 -0.179167523133 0.171404440933 0.175179845544



hist = zeros((40,40))
for i in range(100):
    for j in range(100):
        hist[int(Ix[i,j]*100+20),int(Iy[i,j]*100+20)] += 1
hist[16:24,16:24] = 0 # mask out peak around the origin (no 
gradient)
show(hist) 

       

If we compute this more locally, it gets more interesting.

hist = zeros((40,40))
for i in range(10,50):
    for j in range(10,50):
        hist[int(Ix[i,j]*100+20),int(Iy[i,j]*100+20)] += 1



hist[16:24,16:24] = 0 # mask out peak around the origin (no 
gradient)
show(hist) 

       

For corner detection, we are interested in this distribution in patches around each point.  We can characterize it
by its second order statistics around each point.  

(Question: is this actually correct? Isn't there a step missing? Does it matter?)

Ix2 = filters.gaussian_filter(Ix**2,(2.0,2.0))
Iy2 = filters.gaussian_filter(Iy**2,(2.0,2.0))
IxIy = filters.gaussian_filter(Ix*Iy,(2.0,2.0))
show(IxIy) 



       

Now let's compute the eigenvalues of the structure tensor around each point.  Here, we are just doing that by

calling the eig function separately for each point.  (That's not a very efficient way of computing this in Python;

exercise: compute this without loops.)

from numpy.linalg.linalg import eig,det
hi = zeros((100,100))
lo = zeros((100,100))
for i in range(100):
    for j in range(100):
        w,v = eig(array([[Ix2[i,j],IxIy[i,j]],
[IxIy[i,j],Iy2[i,j]]]))
        hi[i,j] = amax(w)
        lo[i,j] = amin(w) 



       

Incidentally, we can derive the same criterion by looking at similarity of a patch to itself under small translation
using the sum of squared differences, then approximating that with a Taylor series expansion of the local image

surface.

The larger eigenvalue is high wherever there is an edge or a corner.

show(hi) 

       

The low eigenvalue is only high at corners.

show(lo) 



       

This approach to corner detection is called the Harris corner detector.

There is a slightly faster version in which we don't bother computing the eigenvalues explicitly.

hs = zeros((100,100))
kappa = 0.1
for i in range(100):
    for j in range(100):
        A = array([[Ix2[i,j],IxIy[i,j]],[IxIy[i,j],Iy2[i,j]]])
        hs[i,j] = det(A) - kappa*trace(A)**2
show(maximum(0,hs)) 



       

 

       

 

                 


