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Assignment - Features and Tracking

Exercise 1 - Blob Detection [3/10]

Laplacian of Gaussian Difference of Gaussian

= B V7

Develop a simple 'blob' detector. The detector should rely on the LoG filter.
1. Implement a function to detect blobs of a given radius. [2]

2. Add an extra parameter to the detector to select either: i) dark blobs, ii)
light blobs, or iii) both. [0.5]

3. Extend the detector so instead of a single radius it accepts a range (min,
max). [0.5]

Test the detector firstly in the images 'black_dots.jpg', 'white_dots.jpg' and then
also in 'coins.tiff' and 'circles_{}.jpg'.

Present the results by showing the detected blobs as circles in the initial
images.
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H Sadikaoia yia tnv aviyvevon twv blobs eivon n e&n¢:

* DOPTAOVOLE TNV EIKOVA.
* Tn petatpenovpe oe grayscale.

* T ) Soopévn aktiva 1, BplokovpEe TNV aKTiva pE TN HEYIOTN OMOKPIOT] S=—= (OTE VA TNV

[\S]]

epappooovpe oto Laplacian of Gaussian @iAtpo.
* Bpiokovpe ta blobs g eikdvag, epappolovrag to eidtpo Laplacian of Gaussian.

e YxeS14(ovpE OV €IKOVA KUKAOUG HE KEVTPO KOl aKTiva sUP@wvVA pe Ta blobs mov aviyvevoaye.

Kot ta Tpia UMOEP@TIHATA AMAVIOVTIOL TAVTOXPOVA HE TOV KOOIKA, O OTOI0G TIEPLEXEL XVOAVTIKA

oxoAx.

[TpoonaBnoape va oxedixoouvpe blobs 0Tig KUKAIKEG TIEPLOXEG TV EIKOVAOV TTOL LG {nTrinKav.

IMapoakdte TapaBETOLE TIG EIKOVEG, |E oxeSATpEVA T aviyvevBevTa blobs.



black_dots.jpg pe radius=>50 kot
threshold=0.7

black_dots.jpg pe radius=27 kai
threshold=0.65

white_dots.jpg pe radius=25 kat
threshold=0.1

2L LS

black_dots.jpg pe radius=16 kot
threshold=0.8

white_dots.jpg pe radius=27 kat
threshold=0.7

white_dots.jpg pe radius=43 kat
threshold=0.4



circles_02.jpg pe radius=12 kot
threshold=0.48

circles_04.jpg pe radius=21 kat
threshold=0.65

circles_01.jpg pe radius=39 kai
threshold=0.72

circles_03.jpg e radius=75 kot
threshold=0.38

circles_05.jpg pe radius=17 kot
threshold=0.44



[MapaBétovpe Tov KOSIKA:

import numpy as np

import cv2 as cv

from google.colab.patches import cv_imshow

from scipy import ndimage as ndi

from google.colab import drive

drive.mount("/content/drive", force_remount=True)

root_folder = "/content/drive/My Drive/"

url_black_dots = root_folder + "/BlobDetectionImages/black_dots.jpg"
url _white_dots = root_folder + "/BlobDetectionImages/white_dots.jpg"
url_coins = root_folder + "/BlobDetectionImages/coins.tiff"
url_circles_01 = root_folder + "/BlobDetectionImages/circles_01.jpg"
url_circles_02 = root_folder + "/BlobDetectionImages/circles_02.jpg"
url_circles_03 = root_folder + "/BlobDetectionImages/circles_03.jpg"
url_circles_04 = root_folder + "/BlobDetectionImages/circles_04.jpg"
url_circles_05 = root_folder + "/BlobDetectionImages/circles_05.jpg"
# from PIL import Image

img = cv.imread(url_black_dots) #choose which of the above images to

r=1

img = cv.resize(img, dsize=(90,0), fx=r, fy=r, interpolation=cv.INTER_CUBIC)

# img = cv.cvtColor(img, cv.COLOR_BGR2RGB) #convert image to rgb

#r=50
#r=27
#r=35
#r=39
#r=12
#r=75
#r=21
#r=17

thres=0.6
thres=0.7
thres=0.6
thres=0.79
thres=0.46
thres=0.38
thres=0.65
thres=0.44

process

img_gray = cv.cvtColor(img, cv.COLOR_BGR2GRAY) #convert image to grayscale

# Laplacian of Gaussian (LoG) Kernel
def logkern(sigma, n=None):

#window size

if n is None:

n = np.ceil(sigma*6)

y,X = np.ogrid[-n//2:n//2+1,-n//2:n//2+1]

y_filter = np.exp(-(y*y/(2.*sigma*sigma)))

x_filter = np.exp(-(x*x/(2.*sigma*sigma)))
final_filter = (-(2*sigma**2) + (x*x + y*y) ) * \
(x_filter*y filter) * (1/(2*np.pi*sigma**4))

return final_filter

def local maxima_3D(data_in, order=1):

size = 1 + 2 * order

footprint = np.ones((size, size, size))
footprint[order, order, order] = ©

data = data_in.copy()

h = data.shape[9]

w = data.shape[1]

Z1 = np.zeros((h,w), dtype=data.dtype)
Z2 = np.zeros((h,w,1), dtype=data.dtype)
data = np.insert(data,9, 71, axis=2)

data = np.append(data, 72, axis=2)

filtered = ndi.maximum_filter(data, footprint=footprint, mode='nearest')

filtered=np.delete(filtered,0,axis=2)



filtered=np.delete(filtered, -1,axis=2)
data=np.delete(data,9,axis=2)
data=np.delete(data,-1,axis=2)
mask_local_maxima = data > filtered
coords = np.asarray(np.where(mask_local maxima)).T
values = data[mask_local_maxima]
return coords, values
def detect_blobs(image,rmin,rmax,thr,choice):
""" Detects and draws blobs in an image
Args:
image: the image to use
rmin: the minimum radius
rmax: the maximum radius
thr: the threshold to use
choice: enter 1 for detecting light blobs only
enter 2 for detecting dark blobs only
enter 3 for detecting both
Returns:
the image with the blobs found, drawn as a circle """
r=rmin

disp_image = img.copy()

while r <= rmax:
s=r/np.sqrt(2.0) #find the radius with the maximum response
log = logkern(s) #compute Laplacian of Gaussian to find edges
image = np.nan_to_num(image) #Replace nan values with ©

img_log = cv.filter2D(image, cv.CV_64F, log) #apply Laplacian of Gaussian filter to find edges

max_val = np.max(np.abs(img_log))

thres = thr * max_val

if choice == 1:

img_blobs = np.abs(img_log) >= thres #detect only light blobs

elif choice == 2:

img_blobs = img_log < thres #detect only dark blobs

elif choice ==

#tdetect both light and dark blobs (instead of thres I could use a number for light blobs and a different o
ne for dark blobs)

img_blobs = (np.abs(img_log) >= thres) | (img_log < thres) #light blobs or dark blobs

img_log thres = img_log.copy()
img_log thres[img_blobs == False] = ©

img_log thres = img_log_thres[:, :, np.newaxis] #insert another column to prepare for local_maxima_3D
coords, values = local_maxima_3D(np.abs(img_log_thres))
for ¢ in coords:
disp_image=cv.circle(disp_image, (c[1],c[@]), r, (0,0,255), 2) #draw the circle
r+=1 #do the same for the next radius
cv_imshow(disp_image); #display the image

return disp_image

I2=detect_blobs(img_gray,50,50,0.7,1) #call the function to get the results
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Exercise 2 - Feature Based Tracking and RANSAC [7/10]

The aim is to estimate the pose of an object in an image sequence. The template appearance of the
object is extracted from the first frame. The pose of the object in each frame is defined by the
coordinates of the points on its contour (i.e. the four corners). Use the 'Melita' dataset to test your
algorithm.
Steps:
1. Set the template in the first frame, extract and store features from it.
2. For each frame:
Extract features and match them with the template features.
Using the feature correspondences calculate the transformation between the template and the
object. Implement both the affine and the homography transformation to compare their
performance on the task.
To deal with outliers use the RANSAC algorithm.
Using the estimated transformation transform the contour points of the template and draw
the contour of the object in the current frame.
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Ed® vAomomcape d00 S10opeTIKOLG KMSIKEG, Evav ylo Tov petaoynpatiopo affine, ko évav yux
TOV HETACYNHATIONG opoypa@iag.

Kot o1 600 vAomotovvtat eviog tov aiyopiBpov RANSAC, o omoiog avadapfavel va Staxwpioet ta
inliers and ta outliers. INa autov tov Adyo, otav kaAovpe tnv match_features, dev divovpe to
KatOQA thres, dote va pog emotpéPel OAa Tor ONHELR, KOl 0 SIOXWPIOHOG VA YIVEL AMOKAEIOTIKK
aro tov RANSAC.

Imv epyacia Random Sample Consensus: A Paradigm for Model Fitting with Applications to
Image Analysis and Automated Cartography twv Martin A. Fischler and Robert C. Bolles, kot oto
kKepdAawo B. The Maximum Number of Attempts to Find a Consensus Set
(http://www.ai.sri.com/pubs/files/836.pdf) Bpiokovpe nwg ot eAayioteg enavainyelg tov RANSAC
TIOL TIPETIEL VO VAOTIOIOOLIE, opidovTal amo T oX€on
_log(1—z)
" log(1-b)

, OTIOV:

® = 1 MBavOTNTH OO0 TOTE EMAEYHEVO onpEio va elval eviog g avoxng AdBoug Tov povtEéAov

n = éva 0LUVOAO KoA®V onpeiwv. Edw Bdlovpe tov eAdx1oTo aplBpo {guymv mov amoitovvial. 3 yix
tov affine transformation kot 4 ywa tov homography transformation.

z = 1 mMBaAvVOTNTA TOLAGKIOTOV €VA OTO TA ETMAEYPEVA (VYN OTHEI®VY Vo Elval 0OOTO
INa m BéAtiomn anodoon tov RANSAC, xpnoponomoape z=0.99 w=0.5.

[Mapatpnoape mwg o k poag €8ive kdmow amoteAéopata, OAAG otnv mpdén, OTav TOV
TOAAOTAQCIACOE HE TO 5, THPAHE TIOAD KOVOTIOUTIKOTEPA KMOTEAECHATA, XWPIG va vmdpyel
OMHOVTIKI] KKBLOTEPTON 0TOVG LTTOAOYLIGHOVC,.

:I:i

1 zy y1y 1 0 0 O a

O affine transformation mov vAonowOnke eivat o Y, 0 0 0 z w 1 b
Ty | |z »» 1 0 0 O c

| |0 0 0 2 y 1 d

A T3 y3 1 0 0 O e

\ 0 0 0 z3 g 1/ \f

ONw¢ Tieptypaetat €6: https://staff.fnwi.uva.nl/r.vandenboomgaard/IPCV20162017/LectureNotes/
MATH/homogenous.html

kot o homography trasformation mov vAomomOnke eival oVTOG TOL TIEPLYpdPeTan and tov David
Kriegman oo BiAio tov Computer Vision I, ko 610 kepahowo Homography Estimation.

ZUVOTTIKA, N S1a01KOOia IOV PN OHOTOOaHE gival N €E1G:

* QOPTWVOLE TNV EIKOVA OVAPOPAG KOl TO TAKICGI0 ava(QOPAG.

* Amo 1o mAaiolo ava@opag dnpiovpyovpe to template.

* OOPTWVOLE TNV EKOVA amO TNV omoix B avikveDOOULHE TO QVTIKEIHEVO TIOL BEoaje OTO
template.


http://www.ai.sri.com/pubs/files/836.pdf
https://staff.fnwi.uva.nl/r.vandenboomgaard/IPCV20162017/LectureNotes/MATH/homogenous.html
https://staff.fnwi.uva.nl/r.vandenboomgaard/IPCV20162017/LectureNotes/MATH/homogenous.html

* Me v match_features Bpiokovpe ta onpeia mov eivan kowvd otig 600 e1kOVeg, Ta oxedilovpie
KO TO EVOVOLE pE pia evBeia avapeoa oTig VO EIKOVEG.

* ExteAovpe tov RANSAC pe affine (otov devtepo kadika pe homography) tranformation.
Bda&lovtag otov RANSAC threshold = 3 pixels, mipajie tkavomomntikd anoteAéopata.

* Xpnoipomnowovpe ta inliers onpela mov avixvevoape kot oxedidlovpe TO TMAAICI0 TOL
QVTIKELEVOL 0T SeVTEPT) EIKOVA.

EmAééape mévte eikdveg amd 1o dataset piot ava €KATO, MOTE VO TAPOLHE TMOAAEG S1POPETIKEC
Y®WVIEG ANYNG TOL AVTIKELHEVOD, KO VX SOVHE TNV armodoon Tov K&Be HETAoXNHATIOHOD.

[Mapatnproape mwg o homography transformation eivar mo amodotikog amo tov affine 6oo
TIEPLOCOTEPO OTPEPETAL TO AVTIKEIPEVO, TIPAYHA TIOL CLHPWVEL Ko pe T Bewpia.

Eniong, o RANSAC, av kat §€xeton mapa MOAAG (evyn onpeiwv mov elvat eppavag Aavlaopeva,
Kavel e§onpeTikT) SoLAEG 01O Vi Eexwploel ta inliers.

Ene6r] o RANSAC emAéyel tuyaio onpeia, kaBe @opd mov TPEXOLHE TOV KOSIKA TO AMOTEAEGHATA
Hropel v Spepouv eAappag. H Sagopd aut pmopel va ehayxiotornowmnBel kavovtag TOAL
TEPLOOOTEPQ iterations amd 5*k, aAA& avtod Ba kKdvel T Sradikaoia o apyr).

O1 KOSIKEG, TTEPLEXOLY AVOAVTIKA OYXOALQ.

IMapabétovpe Tig MéEVTe e1kOVEG, MPOTa e Tov affine, ko petd yio Tov homography transformation
WOTE VX PAVOLV EVKOAX Ol S10POPEG OTA AMOTEAETHOATA.



00001.png pe Affine transformation:

00001.png pe Homography transformation:




e Affine transformation:

00101.png pe Homography transformation:




00201.png pe Affine transformation:

00201.png pe Homography transformation:




00301.png pe Affine transformation:

00301.png pe Homography transformation:




00401.png pe Affine transformation:

00401.png pe Homography transformation:




O kadkag mov vroAoyilet RANSAC pe Affine transformation:

from google.colab import drive

from google.colab.patches import cv2_imshow

import os

import matplotlib.pyplot as plt

import cv2

import numpy as np

import math

drive.mount('/content/drive")

import sys

sys.path.append('/content/drive/My Drive/TrackingDatasets/")
root_folder = "/content/drive/My Drive/TrackingDatasets/"
from TrackingDataset import Dataset

def tohom(points):#convert points to homogenous

n = points.shape[1]

points_hom = np.vstack([points, np.ones((1,n), points.dtype)])
return points_hom

def fromhom(points):#convert points to eucledian
dims = points.shape[0] - 1
points_eucl = points[@:dims, :]
for d in range(dims):
points_eucl[d,:] /= points[dims,:]
return points_eucl

def apply tf(points, tf):

pointsh = tohom(points) #convert points to homogenous
p2h = np.dot(tf, pointsh) #matrix multiplication

p2t = fromhom(p2h) #convert points to eucledian
return p2t

def to_pointlist(point_mat): #make the points list for the contour
point_list = []

for p in point_mat.T: point_list.append((p[©@], p[1]))

return point_list

def keypoints_tonumpy(keypoints): # Get numpy array from opencv keypoints.
p2d_np = np.zeros((2, len(keypoints)), dtype=np.float)
for i,kp in enumerate(keypoints):
p2d_np[@][i] = kp.pt[@]
p2d_np[1][i] = kp.pt[1]
return p2d_np

def match_features(template, img, thres=None): #Detects features.
orb = cv2.0RB_create() # Initiate ORB detector
# find the keypoints and descriptors.
kp@, des@ = orb.detectAndCompute(template,None)
kpl, desl = orb.detectAndCompute(img,None)
# create BFMatcher object
bf = cv2.BFMatcher(cv2.NORM_HAMMING, crossCheck=True)
# Match descriptors.
matches = bf.match(deso,desl)
# Sort them in the order of their distance.
matches = sorted(matches, key = lambda x:x.distance)
distances = [m.distance for m in matches]
print(‘'Distance Range:', np.min(distances), np.max(distances))
if thres is None: #if there is no threshold, return ALL matches
matches_good = matches
else:
matches_good = [m for m in matches if m.distance < thres]
print('Keypoints template/image/mathces/filtered:"',len(kp@), len(kpl),len(matches), len(matches_good))
kp@np = keypoints_tonumpy(kp®@)
kpinp = keypoints_tonumpy(kpl)
indices@® = np.array([m.queryIdx for m in matches_good])
indicesl = np.array([m.trainIdx for m in matches_good])
pts@ = kponp[:,indicesQ]
ptsl = kplnp[:,indices1]
return ptse, ptsl, kp@, kpl, matches_good

def min_num_pairs(tranformation="'affine"):
return 3# The mimimum number of pairs required for affine transformation is 3.

def ransac_iters(w=0.5, n=min_num_pairs(), z=0.99):
""" Computes the required number of iterations for RANSAC.



Implementing chapter "B. The Maximum Number of Attempts to Find a Consensus Set
found in http://www.ai.sri.com/pubs/files/836.pdf
Args:
w: probability that any selected data point is within the
error tolerance of the model.
n: a subset of good data points
z: probability that at least one of our random selections is an error-free
set of n data points
Returns:
minimum number of required iterations
b = 1/(w**-n)
k = round(math.log(1-z)/math.log(1l-b))
k = 5%k # We found that 5 times the required iterations is better in accuracy
return k

def ransac_affine(pointsl, points2, ransac_thr, ransac_iter):
""" Solves RANSAC with affine transormation.
Implementing chapter "B. The Maximum Number of Attempts to Find a Consensus Set
as described in http://www.ai.sri.com/pubs/files/836.pdf
and Affine Transform as described in https://staff.fnwi.uva.nl/r.vandenboomgaard/IPCV20162017/LectureNotes/
MATH/homogenous . html
Args:
ransac_thr: number of pixels to compute the distance to distinguish inliers from outliers
ransac_iter: number of times to perform RANSAC
Returns:
best pair of points found

print('Calculating initial affine transform using SIFT feature matches and RANSAC')
print('RANSAC params: thres = {}, iter = {}'.format(ransac_thr, ransac_iter))
best_affine_transform = None
best_num_inliers = 0
for i in range(ransac_iter):
random_index = np.random.choice(pointsl.shape[@], min_num_pairs('affine'), replace=False)# Select min_num
_pairs points randomly
x = pointsl[random_index]
x1 = points2[random_index]
### Implement the affine transformation
a = np.array([
[x[e][e], x[e][1], 1, @, 0, @],
[0, @, 0, x[e][e], x[e][1], 1],
[x[1][e], x[1][1], 1, @, @, @],
[, 6, 0, x[1][0], x[1][1], 1],
[x[2][e], x[2][1], 1, @, @, @],
[0, @, o, x[2][e], x[2][1], 1],

D)
b = x1.reshape(-1)
affine_tr, res, _, _ = np.linalg.lstsq(a, b, rcond=-1) #solve the least squares

# Reshape affine transform matrix
#tmake the calculated matrix
affine_tr = np.reshape(affine_tr, (2,3))
affine_tr = np.vstack([affine_tr, [0,0,1]])
if best_affine_transform is None:
best_affine_transform = affine_tr
# Calculate number of inliers
num_inliers = 0
for j in range(pointsl.shape[0]):
template_point = np.array(list(pointsi[j]) + [1])
target_point = np.array(list(points2[j]) + [1])
template_point_image = np.matmul(affine_tr, template_point)
distance = np.sqrt(np.sum((template_point_image - target_point) ** 2))
if distance < ransac_thr: #the inliers must have distance less than ransac_thr (in pixels)
num_inliers += 1
if num_inliers > best_num_inliers:
best_affine_transform = affine_tr
best_num_inliers = num_inliers
return best_affine_transform

datasets = { #the dataset frow which to load the images
‘melita’: {
'basedir': root_folder + 'Melita/',
"img_tmpl': "img/{:05d}.png",
'gt_filename':'groundtruth_rect.txt',},}

ds_name = 'melita’
ds = Dataset(datasets[ds_name][ 'basedir'],



datasets[ds_name][ 'img_tmpl'],
datasets[ds_name][ 'gt_filename'],
ratio=1.)
img, bboxpoints = ds.grab(0) #Load the first image
print('bboxpoint:"',bboxpoints)
cv2.rectangle(img, bboxpoints[©], bboxpoints[1], (255,0,0)) #Draw the contour
cv2_imshow(img)
### Setting the template.
template, template_contour = ds.get_template(0)
template_contour = np.array(template_contour).T
cv2_imshow(template)

framesNum=5 #number of pictures to pick from the dataset
step_frame = 100 #number of pictures to skip (in order to pick very different poses of the same object)

for i in range(framesNum):

### Loading another frame.

img, _ = ds.grab(i*step_frame+1)

### Matching Features between template and new Frame.

ptse, ptsl, kpo@, kpl, matches = match_features(template, img)

### Draw the first 100 matches found for distance < thres (here we haven't set any threshold)
disp_img = np.zeros((100,100))

disp_imgl = cv2.drawMatches(template,kp®,img,kpl,matches,disp_img)

### Solve Affine and display.

at = ransac_affine(pts0.T,ptsl.T,3,ransac_iters()) #Here we've set the threshold as 3, but it can be altered
### Tranform template contour to get the contour of the object in the current frame.
image_contour = apply_tf(template_contour, at)

image_contour = image_contour.astype(int)

cp = to_pointlist(image_contour) #get the points to draw the contour

###Draw the contour.

disp_img = img.copy()

cv2.line(disp_img, cp[@], cp[1], (255,0,0), 2)

cv2.line(disp_img, cp[1], cp[2], (255,0,0), 2)

cv2.line(disp_img, cp[2], cp[3], (255,0,0), 2)

cv2.line(disp_img, cp[3], cp[@], (255,0,0), 2)

cv2_imshow(np.concatenate((disp_imgl, disp_img), axis=1))



O kadkag mov vrmoAoyilet RANSAC pe Homography transformation:

from google.colab import drive

import os

drive.mount('/content/drive")

import sys

sys.path.append('/content/drive/My Drive/TrackingDatasets/")
root_folder = "/content/drive/My Drive/TrackingDatasets/"
print(os.path.isdir(root_folder))

import numpy as np

np.set_printoptions(precision=2, suppress=True)

import cv2

from google.colab.patches import cv2_imshow

import numpy as np

import random

import math

from TrackingDataset import Dataset

def tohom(points):

n = points.shape[1]

points_hom = np.vstack([points, np.ones((1,n), points.dtype)])
return points_hom

def fromhom(points):

dims = points.shape[0] - 1
points_eucl = points[@:dims, :]
for d in range(dims):
points_eucl[d,:] /= points[dims,:]
return points_eucl

def apply tf(points, tf):

pointsh = tohom(points) #convert to homogenous
p2h = np.dot(tf, pointsh) #matrix multiplication
p2t = fromhom(p2h) #convert to eucledian

return p2t

def to _pointlist(point_mat): #make a list of points
point_list = []

for p in point_mat.T: point_list.append((p[@], p[1]))
return point_list

def to_pointmat(point_list): #make an array of points
point_mat = np.array(point_list).T
return point_mat

def keypoints_tonumpy(keypoints):
# Get numpy array from opencv keypoints.
p2d_np = np.zeros((2, len(keypoints)), dtype=np.float)
for i,kp in enumerate(keypoints):
p2d_np[@][i] = kp.pt[e]
p2d_np[1][i] = kp.pt[1]
return p2d_np

def match_features(template, img, thres=None):
# Initiate ORB detector
orb = cv2.0RB_create()
# find the keypoints and descriptors.
kp@, des® = orb.detectAndCompute(template,None)
kpl, desl = orb.detectAndCompute(img,None)
# create BFMatcher object
bf = cv2.BFMatcher(cv2.NORM_HAMMING, crossCheck=True)
# Match descriptors.
matches = bf.match(deso,desl)
#print(len(matches))
# Sort them in the order of their distance.
matches = sorted(matches, key = lambda x:x.distance)
distances = [m.distance for m in matches]
print(‘'Distance Range:', np.min(distances), np.max(distances))
if thres is None:
matches_good = matches
else:
matches_good = [m for m in matches if m.distance < thres]
print('Keypoints template/image/mathces/filtered:"',len(kp®), len(kpl),len(matches), len(matches_good))
kp@np = keypoints_tonumpy(kp@)
kplnp = keypoints_tonumpy(kp1)
indices@ = np.array([m.queryIdx for m in matches_good])



indicesl = np.array([m.trainIdx for m in matches_good])
pts@ = kponp[:,indices0]

ptsl = kplnp[:,indices1]

return ptse, ptsl, kp@, kpl, matches_good

def min_num_pairs():
# For Homography transformation, the minimum number of pairs is 4.
return 4

def ransac_iters(w=0.5, n=min_num_pairs(), z=0.99):
""" Computes the required number of iterations for RANSAC.
Implementing chapter "B. The Maximum Number of Attempts to Find a Consensus Set "
found in http://www.ai.sri.com/pubs/files/836.pdf
Args:
w: probability that any selected data point is within the
error tolerance of the model.
n: a subset of good data points
z: probability that at least one of our random selections is an error-free
set of n data points
Returns:
minimum number of required iterations
b = 1/(w**-n)
k = round(math.log(1l-z)/math.log(1l-b))
k = 5*k # I found that 5 times the required iterations is better in accuracy
return k

def pickup_samples(ptsl, pts2):
""" Randomly select k corresponding point pairs.
Note that here we assume that ptsl and pts2 have
been already aligned: ptsl[k] corresponds to pts2[k].
This function makes use of min_num_pairs()
Args:
ptsl and pts2: point coordinates from Image 1 and Image 2
Returns:
ptsl_rnd and pts2_rnd: min_num_pairs randomly selected points
from ptsl and pts2 """
# Get the random min_num_pairs (here it is 4) indexes in range
random_num = random.sample(range(9, len(pts2)), min_num_pairs())
ptsl_rnd = []
pts2_rnd = []
# For each random numbers, take the pts points into the arrays
for 1 in random_num:
ptsl_rnd.append(ptsi[i])
pts2_rnd.append(pts2[i])
return ptsl_rnd, pts2_rnd

def compute_homography(ptsl, pts2):
""" Construct homography matrix and solve it by SVD, as described in
"Homography Estimation" by David Kriegman
Args:

ptsl: the coordinates of interest points in imgl, array (N, 2)

pts2: the coordinates of interest points in img2, array (M, 2)
Returns:

H: homography matrix as array (3, 3)
# Making A matrix using 4 interest points, for every interest points,
# we need 2 rows with 9 columns. So A becomes 8 by 9 matrix.

A = np.empty((8,9))

ptsl_rnd, pts2_rnd = pickup_samples(ptsl, pts2)
# For every 4 points

for i in range(4):

# Extracting each points from ptsl and pts2

x = ptsl_rnd[i][9]

y = ptsl_rnd[i][1]

x1 = pts2_rnd[i][0]

yl = pts2_rnd[i][1]

# Putting the values to A matrix to get the H

A[i*2][0] = -x

A[i*2][1] = -y

A[i*2][2] = -1

A[i*2][3] = ©

A[i*2][4] = ©

A[i*2][5] = ©

A[i*2][6] = x1*x

A[i*2][7] = x1*y

A[i*2][8] = x1



A[i*2+1][0] = ©
A[i*2+1][1] = @
A[i*2+1][2] = o
A[i*2+1][3] = -x
A[i*2+1][4] = -y
A[i*2+1][5] = -1
A[i*2+1][6] = yl*x
A[i*2+1][7] = yl*y
A[i*2+1][8] = y1

# Computing the SVD decomposition

u,s,v = np.linalg.svd(A)

# Picking right most vector (which is the eigenvector that has the smallest eigenvalue)
H = v[8]

# reshape it to 3*3 size

H = np.reshape(H, (3,3))

return H

def transform_pts(pts, H):
""" Transform pstl through the homography matrix to compare pts2 to find inliners
Args:
pts: interest points in imgl, array (N, 2)
H: homography matrix as array (3, 3)
Returns:
transformed points, array (N, 2)
# Making homogeneous array of pts by adding 1 to last colums
ones = np.ones((len(pts), 1), dtype=np.int8)
homo_pts = np.append(pts, ones, axis=1)
# Transform pts by multiplying H and homo_pts
trans_pts = np.dot(homo_pts, np.transpose(H))
# Make matrix from N * 3 to N * 2 by dividing x and y by trans_pts[i][2]
trans_pts_ = np.empty((len(pts), 2))
for i in range(len(pts)):
trans_pts_[i][@] = trans_pts[i][0@]/trans_pts[i][2]
trans_pts_[i][1] = trans_pts[i][1]/trans_pts[i][2]
return trans_pts_

def count_inliers(H, ptsl, pts2, threshold=3):#Here we've set the threshold as 3, but it can be altered
""" Count inliers
Tips: We provide the default threshold value, but you’re free to test other values
Args:
H: homography matrix as array (3, 3)
ptsl: interest points in imgl, array (N, 2)
pts2: interest points in img2, array (N, 2)
threshold: scale down threshold
Returns:
number of inliers
# inliers count
inliers = 0
# First, transform ptsl using H matrix
ptsltransf = transform_pts(ptsl, H)
# Calculate distances between transformed ptsl and pts2
for i in range(len(pts2)):
distance = math.sqrt((ptsltransf[i][0]-pts2[i][@])**2 + (ptsltransf[i][1]-pts2[i][1])**2)
if distance<threshold: #if distance is smaller than threshold, add 1
inliers += 1
return inliers

def ransac(ptsi, pts2):
""" RANSAC algorithm
Args:
ptsl: matched points in imgl, array (N, 2)
pts2: matched points in img2, array (N, 2)
Returns:
best homography observed during RANSAC, array (3, 3)
# To keep track of inlier counts, use maximum_inlier variable
maximum_inlier = None
# To keep track of homography, use best_Homography variable
best_Homography = None
# For ransac_iters times, doing ransac algorithm
for i in range(ransac_iters()):
H = compute_homography(ptsl, pts2) # Compute homography
cnt = count_inliers(H, ptsl, pts2)
# If it's first loop, put value directly to maximum_inlier


amakris
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if maximum_inlier == None:
maximum_inlier = cnt
best_Homography = H
# If it's maximum inlier, then save homography
if cnt > maximum_inlier:
maximum_inlier = cnt
best_Homography = H
# After the loop, best_Homography has the best homography
return best_Homography

datasets = {
‘melita’: {
'basedir': root_folder + 'Melita/’,
‘img_tmpl': "img/{:05d}.png",
‘gt _filename':'groundtruth_rect.txt’,
9
}
ds_name = 'melita’
ds = Dataset(datasets[ds_name][ 'basedir'],
datasets[ds_name][ 'img_tmpl'],
datasets[ds_name][ 'gt_filename'],
ratio=1.)

img, bboxpoints = ds.grab(®)

print('bboxpoint:"',bboxpoints)

cv2.rectangle(img, bboxpoints[@], bboxpoints[1], (255,0,0))
cv2_imshow(img)

### Setting the template.

template, template_contour = ds.get_template(0)
template_contour = np.array(template_contour).T
print(template_contour)

cv2_imshow(template)

framesNum=5 #number of pictures to pick
step_frame = 100 #number of pictures to skip (in order to pick very different poses of the same object)

for i in range (framesNum):

### Loading another frame.

img, _ = ds.grab(i*step_frame+1)

# cv2_imshow(img)

### Matching Features between template and new Frame.

ptso, ptsl, kpo, kpl, matches = match_features(template, img)
# Draw the first 100 matches found for distance < thres
disp_img = np.zeros((100,100))

disp_imgl = cv2.drawMatches(template, kp®,img,kpl,matches,disp_img)
### Implent Ransac using homography and display.

at = ransac(ptso.T,ptsl.T)

# Tranform template contour to get the contour of the object in
# the current frame.

image_contour = apply_tf(template_contour, at)

image_contour = image_contour.astype(int)

print('Image Contour:\n', image_contour)

cp = to_pointlist(image_contour)

#Draw the contour.

disp_img = img.copy()

cv2.line(disp_img, cp[@], cp[1], (255,0,0), 2)
cv2.line(disp_img, cp[1], cp[2], (255,0,0), 2)
cv2.line(disp_img, cp[2], cp[3], (255,0,0), 2)
cv2.line(disp_img, cp[3], cp[@], (255,0,0), 2)

# cv2_imshow(disp_img)

cv2_imshow(np.concatenate((disp_imgl, disp_img), axis=1))





