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Why we use?
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Least Square

method fitting data without outlier
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#inlier : 16, ratio: 66.7 %




RANSAC

p=1-(1-(1-¢e")"

p : Probability of obtaining a sample consisting only of inliers — sampling success

e : ratio of outliers in dataset
4 Number of data sampled per time

N : Number of algorithm iterations

parameter we set (fix)

/

parameter we'll calculate

\N

_ log(1—p)
log (1—(1—¢)™)
log (1 — 0.99)

B log (1 —(1—0.5)™)

binomial distribution

P(success, once) = (1 —e)™

1 - p= 1 - (1 - e)m ’ sampling N times

l-p=(1-(1-em"

p=1—(1—(1-¢e™"

P(success, N)



RANSAC
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RANSAC

log (1 —p)

parameter that we handled log (1 - (1 o e)m)
log (1 — 0.99)

calculate N log (1 - (1 - 0-5)m)

def get_sampling_number(sample_size, p=0.99, e=0.5):
sample size : Number of sample size per evesy iterations

p : Desired probability of choosing a# Least one sample free of outliers
: Estimated probability that_apoint is an outlier

n_iterations_calculated = math.ceil(math.log(1 - p) / math.log(1l - (1 - e)**sample_size))
print(f"Calculated number of iterations: {n_iterations_calculated}")
return n_iterations_calculated

Goal: find N (sampling number)



def get_inlier_threshold(thresholds, data, polynomial_degree, sample_size,
min_iteration, max_iteration, stop_inlier_ratio, verbose=False):

early_stop_flag = F
inlier_threshold = None
for threshold in thresholds:
best_fit = None
best_error = 0
for i in range(max_iteration):
for early stopping
subset = data[np.random.choice(len(data), sample_size, replace=False
x_sample, y_sample = subset[:, @], subset[:, 1]
to save best threshold

p = np.polyfit(x_sample, y_sample, polynomial_degree)

model

ﬁttir1g y_pred = np.polyval(p, X)
error = np.abs(y - y_pred)

find best threshold

inliers = error < threshold
n_inliers = np.sum(inliers)

threshold_cadidates = [1,2,4,8,16,32,64,128]

if n_inliers > best_error:
print("threshold : {}, index : {}, n_inliers : {}".format(threshold, i, n_inliers))
best_fit = p
best_error = n_inliers

if (i > min_iteration) and (n_inliers/len(data)) >= stop_inlier_ratio:

early_stop_flag = True
inlier_threshold = threshold

Goal: find best threshold

break

if verbose:

y_best = np.polyval(best_fit, X)

draw best result
plt.scatter(X, y, label='Data Points')
plt.plot(X, y_bést, color='red', label='RANSAC Fit')
plt.legend()
plt.show()

return Va|ue if early_stop_flag:
break

return inlier_threshold




def get_model_with_ransac(data, polynomial_degree, threshold, sample_size,
min_iteration, max_iteration, stop_inlier_ratio, verbose=
X = data[:, 0]
y = data[:, 1]
early_stop_flag = False
best_fit = None
best_error = 0
for i in range(max_iteration):

for early stopping

subset = datal[np.random.choice(len(data), sample_size, replace=False)]

x_sample, y_sample = subset[:, @], subset[:, 1]
to save best model model
(C()effICIGTWt) ﬁttHWQ p = np.polyfit(x_sample, y_sample, polynomial_degree)
to save best inlier y_pred = np.polyval(p, X)

error = np.abs(y - y_pred)
find best model

inliers = error < threshold
n_inliers = np.sum(inliers)

if n_inliers > best_error:
best_fit = p
best_error = n_inliers
if (i > min_iteration) and (n_inliers / len(X)) >= stop_inlier_ratio:
early_stop_flag = True

. . print(f"index : {i}, n_inliers : {n_inliers}")
Goal: find best model

if early_stop_flag:
break

if verbose:

y_best = np.polyval(best_fit, X)
draw best result

plt.scatter(X, y, label='Data Points')

plt.plot(X, y_best, color='red', label='RANSAC Fit')

return value plt.legend()
plt.show()

return early_stop_flag, best_fit



total number of data

np.random.seed (@)

n_points = 100

X = np.linspace(@, 10, n_points)

y = 3 % X + 10 + np.random.normal(@, 3, n_points) number of outliers

n_outliers = 20

X[-n_outliers:] += int(30 * np.random.rand())

y[-n_outliers:] —= int(50 * np.random.rand())

X = np.expand_dims(X, -1)

y = np.expand_dims(y, -1) candidates of threshold to find best threshold
data = np.hstack([X, y])

threshold_cadidates = [1,2,4,8,16,32,64,128] SarT]ple Size
threshold_cadidates.sort() get sampling number

sample_size = 2

max_iteration = get_sampling_number(sample_size)

threshold = get_inlier_threshold( get threshold
threshold_cadidates, data, polynomial_degree=1, sample_size=sample_size,
min_iteration=-1, max_iteration=max_iteration, stop_inlier_ratio=0.50, verbose=True)

print("\nFinal Parameters\n")
print("polynomial_degree: ", 1)
print("threshold: ", threshold)

print("max_iteration: ", max_iteration)
print("stop_inlier_ratio: ", 0.5)




® Data Points 701 @ Data Points 60- @ Data Points

01— RANSAC Fit —— RANSAC Fit —— RANSAC Fit

threshold : : n_inliers : threshold : . n_inliers :
threshold : : n_inliers : threshold : . n_inliers :
threshold : . n_inliers : threshold : - n_inliers :
threshold : . n_inliers : threshold : : n_inliers :

Calculated number of iterations: 17
threshold : 1, index : @, n_inliers :
threshold : 1, index : 10, n_inliers :

threshold : ] n_inliers :

How about polynomial data?

best threshold the most inliers



import numpy as np
import
import matplotlib.pyplot as

np.random.seed(0)

n_points = 100

X = np.linspace(-10, 10, n_points)

y =2 % Xx%2 + 3 *x X + 4 + np.random.normal(@, 10, n_points)

Similar as before

n_outliers = 20
X[-n_outliers:] += int(30@ * np.random.rand())
y[-n_outliers:] -= int(500 * np.random.rand())

= np.expand_dims(X, -1)
y = np.expand_dims(y, -1)
data = np.hstack([X, y])

threshold_cadidates = [1,2,%,8,16,32,64,128]
threshold_cadidates.soc()

sample_size = 3

max_iteration = get_sampling_number(sample_size)

threshold = get_inlier_threshold(
threshold_cadidates, data, polynomial_degree=2, sample_size=sample_size,
min_iteration=-1, max_iteration=max_iteration, stop_inlier_ratio=0.50, verbose=True)
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RANSAC
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Lo-RANSAC
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Lo-RANSAC
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I 0er ( Lons I
def get_sampling_number(sample_size, p=0.99, e=0.5):
n_iterations_calculated = math.ceil(math.log(1 - p) / math. logiz 1 - e)xksample_size))
print(f"Calculated number of iterations: {n_iterations_calculated}")
return n_iterations_calculated

Polynomi tior ior = calculate N (sampling number)
def polynomial(x, xcoeffs):
return np.polyval(coeffs, x)

10) 0 1 1 |
ef fit_polynomial(subset, degree):
X, y = subset[:, 0], subset[:, 1]
params, _ = curve_fit(1lz x, *coeffs: polynomial(x,wsaeffs), x, y, p0=[1llx(degree+l))
return params

ur i I 4 d idL I
def count_inliers(model, data, threshold):
x, y = data[:, @], data[:, 1]
y_pred = np.polyval(model, x)
return np.where(np.abs(y - y_pred) < threshold) [0] model fitting

ef residuals_poly(coeffs, x, y):
return (y - np.polyval(coeffs, x)).ravel()

def local_optimization(model, inliers, degree):
x = inliers[:, @].ravel()
y = inliers[:, 1].ravel()
n_params = degree + 1
if len(x) < n_params:
return fit_polynomial(inliers, degree)
x@ = model if model is not None else fit_polynomial(inliers, degree)

count number of inliers

try:
res = least_squares(
residuals_poly,
X0=x0,
args=(x, y),
method="'1lm',
max_nfev=200

local optimization
(Levenberg-Marquardt)

)
return res.x
except Exception:
return fit_polynomial(inliers, degree)




L o LM-b ‘
def lo_ransac_polynomial(data, degree=2, min_iterations=-1, max_iterations=100, threshold=1.0, stop_inlier_ratio=0.9):
best_model = None
max_inliers = 0

total_data = len(data)

for i in range(max_iterations):
subset = datalnp.random.choice(total_data, degree+l, replace=False)]
to save best model Step 2: Fit I lo
(C()effiCiefﬁt) model = fit_polynomial(subset, degree)
1t 1
inliers_idx = count_inliers(model, data, threshold)
inliers = datalinliers_idx]

to save max inlier

if len(inliers) < max_inliers:
total number of data continue

I d I |
inner_subset = inliers[np.random.choice(len(inliers), degree+l, replace=False)]
I ithir
inner_model = fit_polynomial(inner_subset, degree)
int I
inner_inliers_idx = count_inliers(inner_model, data, threshold)
inner_inliers = datal[inner_inliers_idx]
by nr ‘
if len(inner_inliers) > max_inliers:
best_model = inner_model
max_inliers = len(inner_inliers)
else:
continue

Int 1 | L 1 I
refined_model = local_optimization(inner_model, inner_inliers, degree)
refined_inliers = count_inliers(refined_model, data, threshold)

step 10 ~ 11

( )P on k
if len(refined_inliers) > max_inliers:
best_model = refined_model
max_inliers = len(refined_inliers)
! L( itior 1

inlier_ratio = max_inliers / total_data

for ear|y Stopping if i >= min_iterations and inlier_ratio >= stop_inlier_ratio:
print(f"Early stopping at iteration {i}, inlier ratio: {inlier_ratio}")
return value break

print(f"Result : iteration {i}, inlier ratio: {inlier_ratio}")
return best_model




Lo-RANSAC vs RANSAC

Lo-RANSAC Polynomial Fitting with Early Stopping RANSAC Polynomial Fitting

2000 -

; [B):: ;ZZ\;S 20007 e Data Points

1750 4 1750 - —— RANSAC Fit
1500 - 1500 A
1250 A 1250 A
> 1000 - 1000 A
750 750 -
500 500 -
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0+ | 04

15 -10 -5 0 5 10 15

Calculated number of iterations: 35 Result : iteration 34, inlier ratio:

Early stopping at iteration 1, inlier ratio:

No Early Stop
Result : iteration 1, inlier ratio: 0.71




Lo-RANSAC vs RANSAC

Algorithm 1 LO-RANSAC [6]. Example: 8-point RANSAC nData < number of data poin.ts .
nP «+ smallest number of points required by the model
1: fork=1 —)K( |I*| n) do nl < number of iterations
2 Sy +— randomly drawn minimal sample randomly select & points t «+— maximum distance (threshold) of a point to the model to be an inlier
3: M. < model estimated from sample Syeompute fundamental matrix F bestInliers « 0;
4: Ik <—ﬁnd_inliers(Mk, 6) find the number of inliers bestModel < NULL;
5. while Not all iterations done do
6: M* — My T* « T, ll:)raw ng lp]c:/ilnts r;ndomly;
a s — it a model M to those points;
7: M; 0,210 < run Local Optimization (Alg. 2) P 0 P
8: for each point in the data do
9: M —M;o0; T <TI0 d + distance from the point to the model;
10: update K if d <t then
11: end if i | nInliers < ninliers + 1
12: end if if ninliers > bestInliers then
13: end for bestInliers + nlinliers;
14: return M* the fundamental matrix F which has the most inliers L bestModel « M

return best Model

worst: O(N-log N) worst: O(N-T)
Z /nida:—i—l—log n+1 nl = log (@)

log (1 — iRatio™?)
=T (2= =)

SECEREES



Application

* Local feature matching

SuperGlue
Keypoints: 239:244
Matches: 210 ,

1




Application

« visual odometry

Y



Application

 Local feature matching example

Find feature and Match!



L i (
imgl_color = cv2.imread('/Users/song-useog/Desktop/3sld 2st7|/H4l2{'d/active learning/images/cat_1.png"')

img2_color = cv2.imread('/Users/song-useog/Desktop/3sld 2&7|/H4l2{'d/active learning/images/cat_2.png"')

if imgl_color is None or img2_color is None:

print("Could not open or find the images.")
exit() prepare data

1ages \ 11 i i | ade { ) ] .H

imgl_gray = cv2.cvtColor(imgl_color, cv2.COLOR_BGR2GRAY)
img2_gray = cv2.cvtColor(img2_color, cv2.COLOR_BGR2GRAY)

RB ire and compute ript FM_RANSAC

orb = cv2.0RB_create() .
kpl, desl = orb.detectAndCompute(imgl_gray, None) Python: cv.FM_RANSAC

RANSAC algorithm. It needs at least 15 points. 7-point algorithm is used.

kp2, des2 = orb.detectAndCompute(img2_gray, None)

with RANSAC

}

\ RANSAC

if len(matches) >= 8:
ptsl = np.float32([kpl[m.queryIdx].pt for m in matches]).reshape(-1, 1, 2)
pts2 = np.float32([kp2[m.trainIdx].pt for m in matches]).reshape(-1, 1, 2)

1 ) P C atchina | mmair i

bf = cv2.BFMatcher(cv2.NORM_HAMMING, crossCheck=True)

F, mask = cv2.findFundamentalMat(ptsl, pts2¢ cv2.FM_RANSAC,)20, 0.99)
if F is not None and mask is not None:
matchesMask = mask.ravel().tolist()

without RANSAC ract TOP 10 inlie

inlier_matches = [m for i, m in enumerate(matches) if matchesMask[i]]
inlier_topl® = sorted(inlier_matches, key=lambda x: x.distance)[:10]

matches = bf.match(desl, des2)
matches = sorted(matches, key=lambda x: x.distance)




Brute Force Matching (ORB, Top 10)

[BF] total matches: 111
[BF] matching time: 0.76 ms

[RANSAC] inliers: 26 / 111 (23.4%)
[RANSAC] estimation+filtering time: 10.62 ms
[TOTAL] BF + RANSAC time: 11.38 ms

quite expensive
(Random Sampling + Iteration)



Conclusion

« RANSAC is an iterative random sampling method for robust model fitting and outlier rejection

* Lo-RANSAC adds local optimization, improving accuracy and convergence

« Complexity (Big O)
« RANSAC ~ O(T-N) (T Ht& 314
* Lo-RANSAC = O(N-logN)

« Applications

« Computer Vision (Local feature matching, Visual Odometry ...)

= Slower in local feature matching, but highly effective in eliminating outliers and ensuring geometric consistency
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