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Scale-invariant feature detection 4Ll cilewd) Cais
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T. Lindeberg (1998). "Feature detection with automatic scale selection." International Journal of Computer Vision 30 (2): pp 77--116.
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T. Lindeberg (1998). "Feature detection with automatic scale selection." International Journal of Computer Vision 30 (2): pp 77--116.
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T. Lindeberg (1998). "Feature detection with automatic scale selection." International Journal of Computer Vision 30 (2): pp 77--116.
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import numpy as np
import cv2 as cv

img = cv.imread('1.jpg') ‘ E . Slacad) (uds
gray= cv.cvtColor(img,cv.COLOR_BGR2GRAY) ’ ’ o Caabad day
sift = cv.SIFT_create() | } rotation
kp = sift.detect(gray,None) B dagl) e

img=cv.drawKeypoints(gray,kp,img,flags=cv.DRAW_MATC
cv.imwrite('sift_keypoints.jpg',img)
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Template Matching — Opencv Python

import cv2
import numpy as np
from matplotlib import pyplot as plt
img = cv2.imread('imgl.jpg',0)
img2 = img.copy()
template = cv2.imread('temp.jpg',0)
w, h = template.shape|[::-1]
# All the 6 methods for comparison in a list
methods = ['cv2.TM_CCOEFF', 'cv2.TM_CCOEFF_NORMED',
'cv2.TM_CCORR,
'cv2.TM_CCORR_NORMED', 'cv2.TM_SQDIFF',

'cv2.TM_SQDIFF_NORMED']
for meth in methods:

img = img2.copy()

method = eval(meth)

# Apply template Matching
res = cv2.matchTemplate(img,template,method)

min_val, max_val, min_loc, max_loc = cv2.minMaxLoc(res)

# If the method is TM_SQDIFF or TM_SQDIFF_NORMED,
take minimum
if method in [cv2.TM_SQDIFF, cv2.TM_SQDIFF_NORMED]:
top_left = min_loc
else:
top_left = max_loc
bottom_right = (top_left[0] + w, top_left[1] + h)
cv2.rectangle(img,top_left, bottom_right, 255, 2)
plt.subplot(121),plt.imshow(res,cmap = 'gray')
plt.title('Matching Result'), plt.xticks([]), plt.yticks([])
plt.subplot(122),plt.imshow(img,cmap = 'gray')
plt.title('Detected Point'), plt.xticks([]), plt.yticks([])
plt.suptitle(meth)
plt.show()
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