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Abstract: Most visual navigation relies on point matching and many of the matching point pairs are faulty. Generally, they are
eliminated by the Random Sample Consensus (RANSAC) algorithms. However, RANSAC algorithms are often time-consuming
and their parameters are hard to adjust. For such a purpose, a new method is proposed to eliminate the error matching points
of every two consecutive images based on motion information. The proposed method is applicable to the cases that the motion
information is available and the interest points are all from a horizontal plane. It does not require iteration and thus time-efficient.
To demonstrate the effectiveness, the proposed method is tested on synthetic data of both simulation points and real images. The
results show that the proposed method has better performance over RANSAC algorithms.

Key Words: matching; velocity; visual navigation; RANSAC; quadrotor

1 Introduction

Unmanned Aerial Vehicle (UAV) navigation is of great

importance to many fields nowadays, such as automatic

flight [1] and automatic irrigate [2]. A common navigation

way is the use of Global Position System (GPS) [3], but it

is not available in many cases like indoor environments or

experiment close to buildings. Another navigation way is vi-

sual navigation. Because of the advantages like small, light,

low power demanding and high-accuracy character, visual

navigation is applied by more and more engineers and re-

searchers to short-distance and high-accuracy UAV naviga-

tion [4].

In visual navigation, the most common way is to find the

matching points, and then obtain position and attitude infor-

mation through the multiple view geometry. However, it is

not easy to find correct matching points [5]. Often, there ex-

ists a great part of error matching point pairs, and the error

matching pairs will further have a negative effect on the fol-

lowing work. For such a purpose, a method and its variants,

called Random Sample Consensus (RANSAC) algorithms,

are widely used to eliminate the error matching. However,

RANSAC algorithms are often time-consuming and their pa-

rameters are hard to adjust [6]. These motivate us to pro-

pose a time-efficient and easy-to-use method to eliminate the

common error matching points.

The proposed method aims to simplify the eliminating

process through utilizing the camera’s motion information,

under the assumption that all the interest points are on a hor-

izontal plane. The main idea is to utilize camera’s motion

information to calculate the positions in sense of probability

where the interest points should be in the next image. Then,

the matching possibilities of the given matching point pairs

are measured. The matching pairs with high matching prob-

ability will be reserved, and others will be eliminated. The

resulting point matching will in turn help to refine the cam-

era’s motion information. The experiment result shows the

effectiveness of the proposed method, and it is applicable to

many cases. For example, a facing down camera is mounted
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on an UAV to take pictures of the ground.

The paper is organized as follows. Section 2 describes

some preliminaries including the multi-dimensional normal

distribution and the pinhole camera model. Section 3 makes

a detailed description of the problem formulation. In Section

4, the detailed eliminating procedures are described. Simu-

lations are given in Section 5.

In this paper, the following notation is used. R
n denotes

n-dimensional Euclidean space. bRa and bTa denotes a ro-

tation matrix and a translation matrix from coordinate {a}
to coordinate {b}, respectively. e3 denotes a vector [0 0 1]T .
If A is a matrix, AT denotes its transposition. If x and y
are vectors of the same dimension, x × y denotes the cross

multiply of x and y. X−1 denotes the inverse matrix of re-

versible square matrix X. |·| denotes the absolute value of

a real number. 0m×n denotes a zero vector or a zero matrix

with dimension m × n. In is the identity matrix of order n.

2 Preliminaries

2.1 Multi-dimensional Normal Distribution
Let μ ∈ R

n and Σ be a n-dimensional real symmetric

positive definite matrix. If the joint probability density func-

tion of X is

f (x) =
1√

(2π)n det (Σ)
e−

1
2 (x−μ)T Σ−1(x−μ), (1)

then X obeys a gaussian distributions with mean μ and vari-

ance Σ, denoted by

X ∼ N (μ,Σ).

If a n-dimensional random vector X ∼ N (μ,Σ), then

Y = AX + b ∼ N (Aμ + b,AΣAT ), (2)

where and A ∈ R
n×n and b ∈ R

n [7].

2.2 Camera Model
A linear pinhole camera model performs the transforma-

tion from p in {w} to the camera coordinate system {c},

then to the image point m in iO-iXiY iZ , as shown in Fig.1.

[8] The vectors wp = [wX wY wZ]T and cp = [cX cY
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Fig. 1: Imaging Model

cZ]T denote the coordinates of p in {w} and {c}, respec-

tively. They satisfy

cp = cRw
wp +c Tw,

where (cRw,c Tw) is the transformation matrix from {w} to

{c}. Furthermore, the relation between a spatial point wp
and its corresponding normal image point [xn yn]T is written

as

λ

⎡
⎣ xn

yn

1

⎤
⎦ = cRw

wp + cTw,

where λ = cz, xn =
cX
cZ , yn =

cY
cZ .

The real image point [u v]T is obtained from⎡
⎣ u

v
1

⎤
⎦ = K

⎡
⎣ xn

yn

1

⎤
⎦ , (3)

and

K =

⎡
⎣ αx 0 u0

0 αy v0

0 0 1

⎤
⎦ ,

where αx and αy are the scale factors in image u and v axes;

[u0, v0]T are the coordinate of the principal point.

3 Problem Formulation

The used coordinate systems are shown in Fig.2, where

{w} denotes the world coordinate, {c} denotes the camera

coordinate and {b} denotes the quadrotor’s body coordinate.

The facing down camera is mounted on the quadrotor. The

variable α denotes the horizontal plane and h denotes the

distance between the plane α and the center of the camera,

denoted by

h = cTw (3) ,

Facing down camera

Fig. 2: Coordinate Model

where cTw (3) is the third element of cTw.
Some assumptions are made as follows.

Assumption 1. All the interest points wpk ∈ α ={
wp|w Z = 0,w p ∈ R

3
}

, k = 1, · · · , N.
Assumption 2. The variables h,c Rw,K and vm,wm are

measurable. The relation between measured value vm and

wm and true value v and w is

v = vm + εv

w = wm + εw

where

εv ∼ N (
03×1, σ

2
vI3

)
, εw ∼ N (03×1, σ

2
wI3).

Assumption 3. At the time t + Δt, the pairs

(pi (t) ,qi (t + Δt)) are initial matching point pairs, namely

there exists outliers, where pi (t) ∈ Sp ⊂ R
2,qi (t + Δt) ∈

Sq ⊂ R
2, i = 1, · · · , N.

Assumption 4. The sampling time Δt is sufficiently small

that p (t + Δt) = p (t) + Δt · ṗ (t) holds approximately.

Under Assumptions 1-4, the objective is to eliminate the

error matching point pairs in (pi (t) ,qi (t + Δt)) based on

the camera’s motion information, i = 1, · · · , N.
Remark 1. In practice, there are many cases in which the

object is a plane or can be considered as a plane. When a fac-

ing down camera mounted on a drone flying in open indoor

environment, the camera scene is a plane. In other cases,

such as outdoor flight, drones usually fly at a high altitude,

where the camera scene can be considered approximately as

a plane.

Remark 2. The height h can be obtained through the alti-

tude sensor, such as barometric altimeter, radio altimeter or

ultrasonic barometer in different condition with acceptable

precision; cRw and wm can be acquired from the IMU; the

intrinsic parameter of the camera K is available by the cali-
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bration offline. The velocity vm can be generated by exist-

ing methods [9],[10],[11]. It is pointed out that the resulting

point matching will in turn help to refine the camera’s veloc-

ity.

Remark 3. Moving with v and w, the camera takes two

consecutive pictures of the plane α in a sampling time Δt.
The interest points can be extracted from them. Then by

image matching algorithms, N pairs of matching point pairs

(pi (t) ,qi (t + Δt)), (i = 1, 2, ..., N) are obtained in the

two point sets Sp and Sq.

Next, the proposed method will be introduced in the Sec-

tion 4 in detail. For simplicity, this paper will focus on one

pair of the matching point pairs, namely (p (t) ,q (t + Δt)).

4 Main Result

The derivative of the point p (t), namely ṗ (t) , can be

calculated based on vm,wm,c Rw and h. Then, the next

position of the point, namely p (t + Δt) , can be obtained

through ṗ (t) and p (t). But the measurement vm,wm are

subject to noise. The probability density distribution of the

point in the next image is derived. Finally, a threshold is

chosen to eliminate the error matching. The three steps of

the proposed method mentioned above will be introduced in

detail in Section 4.1, Section 4.2 and Section 4.3, respec-

tively. The concrete procedure will be described in Section

4.4. In the following, for convenience, the variable t will be

omitted except when necessary.

4.1 Computing of ṗ

A 3D point cp = [cX cY cZ]T in the camera frame is

projected to a 2D point with coordinates p = [x y]T . By

recalling Section 2.2, it holds{
x =

cX
cZ = u−u0

αx

y =
cY
cZ = v−v0

αy

,

where m = [u v]T is the coordinates of the point in pixel

frame, and (u0, v0, αx, αy) are the camera intrinsic parame-

ters.

Taking the derivative of the equations above results in{
ẋ =

cẊ
cZ − cXcŻ

cZ2 =
cX−x cŻ

cZ

ẏ =
cẎ
cZ − cY cŻ

cZ2 = ( cY −y cŻ)
cZ

. (4)

Relation between the velocity of cp and the spatial velocity

of camera is
cṗ = −v − w × cp,

which can be written as⎧⎨
⎩

cẊ = −vx − wy
cZ + wz

cY
cẎ = −vy − wz

cX + wx
cZ

cŻ = −vz − wx
cY + wy

cX

. (5)

Substituting (5) into (4) results in

ṗ = Ax,yv + Bx,yw, (6)

where

Ax,y =
1
Z

[ −1 0 x
0 −1 y

]
,

Bx,y =
[

xy −(1 + x2) y
(1 + y2) −xy −x

]

and the depth of the point at (x, y) is

Z =
h

eT
3

cRw[x, y, 1]T
. (7)

4.2 Probability Density Distribution
In theory, according to Assumption 4, the exact position of

the point p in the next image can be calculated through

p (t + Δt) = p (t) + Δt · ṗ (t) (8)

where ṗ (t) is obtained by (6). However, the real v and w
cannot be obtained. Only noisy vm and wm are available.

Consequently, by using vm and wm, the position of the point

p in the next image, namely p (t + Δt) , is uncertain, which

obeys a probability density distribution.

According to Assumption 2, the equation (6) is rewritten

as

ṗ = Ax,y(vm + εv) + Bx,y(wm + εw).

So, according to Assumption 4, p(t + Δt) can be written as

p(t + Δt) = Ax,yεv + Bx,yεw + μp, (9)

in which

μp = Ax,yvm + Bx,ywm + p.

According to the equation (2) in preliminaries, the distri-

bution of p(t + Δt) is

p(t + Δt) ∼ N (μp,Σp),

in which

Σp = σ2
vAx,yAT

x,y + σ2
wBx,yBT

x,y. (10)

4.3 Theory on Error Matching Eliminating
As described above, p (t + Δt) is the true value of the

point at position p (t) in the next image. The relation be-

tween them is given in (9). In the following, the match-

ing probability of the pair (p (t) ,q (t + Δt)) is investigated,

namely the distance between p (t + Δt) and q (t + Δt) in

sense of probability. To proceed further, a proposition is pro-

posed first.

Proposition 1. For n-dimension X ∼ N (μ,Σ), it holds

Λ− 1
2 UT X ∼ N (Λ− 1

2 UT μ, In), where Σ = UΛUT , U ∈
R

n×n is a rotation matrix, and Λ ∈ R
n×n is a diagonal

matrix.

Proof. The conclusion can be derived by

E
(
Λ− 1

2 UT X
)

= Λ− 1
2 UT μ

cov
(
Λ− 1

2 UT X
)

= cov
(
Λ− 1

2 UT XXT UΛ− 1
2

)
= Λ− 1

2 UT cov
(
XXT

)
UΛ− 1

2

= Λ− 1
2 UT ΣUΛ− 1

2

= Λ− 1
2 UT UΛUT UΛ− 1

2

= In.

�
The distance between p (t + Δt) and q (t + Δt) , defined

as d = p(t + Δt) − q (t + Δt), can be written as

d = p(t + Δt) − μp + μp − q (t + Δt) .

4837



Its mean and covariance are

E (d) = E (p(t + Δt) − μp) + E (μp − q (t + Δt))
= μp − q (t + Δt)

and

Cov (d) = Cov (p(t + Δt)) + Cov (q (t + Δt))
= Σp.

Therefore, one has

d ∼ N (μp − q (t + Δt) ,Σp).

The distance should be normalized because the moving dis-

tances of the points during the same time interval are related

to the positions in an image. For example, as shown in Fig.3,

for a pure yaw rotation, the moving distances of the points

at the center are small, whereas those will be large at the

edge. Let Σp = UpΛpUT
p , where Up ∈ R

2×2 is a rotation

Center point

Edge point

Fig. 3: Pure Yaw Rotation

matrix, and Λp ∈ R
2×2 is a diagonal matrix. According to

Proposition 1, the distance d is modified as

d̄ = Λ− 1
2

p UT
p d,

which satisfies

d̄ ∼ N (μd̄, I2).

where

μd̄ = Λ− 1
2

p UT
p (μp − q (t + Δt)) . (11)

Intuitively, the smaller μd̄ is, a higher probability the

pairs (p (t) ,q (t + Δt)) matches with. Mathematically, the

matching probability of the pairs (p,q (t + Δt)) is given

as follows. Given α, P (‖d‖ < α) represents the matching

probability. If

P
(∥∥d̄∥∥ < α

) ≥ β,

where β is a given value, then the matching pair is ac-

cepted. Otherwise, the matching pair is eliminated. Since

d̄ ∼ N (μd̄, I2), one has

P
(∥∥d̄∥∥ < α

)
=

∫
‖d̄‖<α

1
2π

e−
1
2 (x−μd̄)T (x−μd̄)dx.

Therefor, if ‖μd̄‖ ≤ h (α, β) , then P
(∥∥d̄∥∥ < α

) ≥ β
holds, where h (α, β) is a function with respect to α, β and

h (α, β) ≥ 0. Take a 1-dimension distribution for example:

the probability’s calculation can transform to integral of a

standard gaussian distribution as shown in Fig.4. The prob-

ability is equal to integral of the curve from −(μd̄ + α) to

−(μd̄ − α). As shown, when the μd̄ = 0, the probability is

equal to the area surrounded by red lines, and when μd̄ > 0,
the probability is equal to the area surrounded by black lines.

It is obvious that the smaller μd̄ is, the larger the probabil-

ity is. If it is larger than β, then the matching pair is ac-

cepted. So, it is reasonable that if ‖μd̄‖ ≤ h (α, β) , then

P
(∥∥d̄∥∥ < α

) ≥ β holds. However, the computation h (·) is

complicated. In practice, a simple way can be used. Given a

parameter γ ≥ 0, if

||μd̄|| ≤ γ

then the matching pair is accepted. Otherwise, the matching

pair is eliminated.

4.4 Procedure to Error Matching Eliminating
algorithm of the method
Input: all initial matching pairs, vm,wm,c Rw, h
Output: remained matching pairs after eliminating

1. for all the point pairs (pi[u1i, v1i],qi[u2i, v2i]) do
2. pi[u1i, v1i] → p[u1, v1]

pi[u2i, v2i] → p[u2, v2]
3. substitute [u1, v1] and [u2, v2] to (3)

respectively to get [x1, y1] and [x2, y2].
4. obtain Z through substitute [x1, y1] and cRw

into the equation (7)

5. get ṗ through substituting Z,v,w and [x1, y1]
to equation (6)

6. get x1new and y1new by (9)

7. get Σp(t+�t) by (10)

8. obtain Λp and Up by extracting the eigenvalue

of Σp(t+�t)

9. obtain μd̄ by equation (11)

10. find a appropriate value γ
11. if ||μd̄|| ≤ γ
12. reserve the points pair

13. else
14. eliminate the points pair

15. end if
16. end for

5 Experiments

The proposed method is tested on synthetic data of both

simulation points and real images. First, performance of the

proposed method is evaluated by simulation points and then

compared with a RANSAC algorithm provided in the mat-

lab toolbox [12] in Section 5.1. Then, in Section 5.2, a real

experiment is carried out to demonstrate the effective of the

proposed method.
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Fig. 4: 1-Dimension Distribution Model

5.1 Test on Simulation Points
The simulation is implemented by a virtual camera, whose

image size is 640 pixels × 480 pixels. The intrinsic parame-

ters of the camera are

αx = 260, αy = 260
u0 = 376, u0 = 240.

Simulation points are randomly generated in the area

[−400, 400]× [−400, 400]× {0}, and the distance between

the points plane and the camera is 10 meter. The sampling

time is Δt = 0.05s.

Image points of the first picture are obtained with a given

setting camera pose and position. Then the virtual camera

moves with a given speed v and an angular speed w during

the time interval [t, t + Δt] , and takes the second picture. In

the two pictures, N point pairs are obtained. In order to test

the performance of the proposed method and the RANSAC

algorithm, the latter half part of these point pairs is disorga-

nized completely.

Table I. Simulation Result

1 2 3

v/(m/s) [3,3,3]T [5,5,5]T [8,8,8]T

w/(◦/s) [5,5,5]T [10,10,10]T [20,20,20]T

σv 1 1 1

σw 1 1 1

N 516 496 478

Proposed Method

r1 100% 100% 100%

r2 1.5% 2.02% 0%

run time 0.0589s 0.0558s 0.0541s

RANSAC

r1 100% 81.05% 5.86%

r2 100% 0.4% 0%

run time 0.2469s 0.2328s 0.2329s

.

In order to evaluate the performance, two rates denoted by

r1 and r2 are chosen, defined as

r1 = 2
N1

N
, r2 = 2

N2

N
,

where N1 and N2 are the number of reserved matched point

pairs in the first half part and the latter half part, respectively.

In theory, a good method will lead to r1 closed to 1, and

r2 closed to 0, vice versa. Performances of the proposed

method and the RANSAC algorithm are shown in the Ta-

ble I. As shown, the proposed method has a better accuracy

over the RANSAC method in most cases. More importantly,

the proposed method can save much time compared with the

RANSAC algorithm.

5.2 Test on Real Images
The experiment is carried out with a series of consecu-

tive images. A virtual camera, same as in the simulation in

Section 5.1, is mounted on a virtual quadrotor provided by a

matlab toolbox [13]. Image points of the first picture are ob-

tained with a given setting camera pose and position. Then

the quadrotor together with the virtual camera moves at a

given speed v and an angular speed w during the time inter-

val [t, t + Δt] , and takes the second picture. With respect

to the body frame of the quadrotor, the camera’s installation

parameter is

cRb = I3,
c Tb = 03×1

and the sampling period is Δt = 0.05s.

The first step of the experiment is to find the initial match-

ing points (pi,qi) between the two images. First, find the

corner points by using the Harris-Stephens algorithm in the

two images. Then derive the feature vectors of the corner

points, and find the initial matching points whose features

most likely to correspond between the two feature sets. The

second step is to compute v and w through the obtained data

with the aid of the toolbox. Then compute the matching

probability density distribution of every pi to judge whether

qi is a possible matching point with pi or not. If it is pos-

sible, then the matching pair will be reserved. Otherwise, it

will be eliminated.

Fig. 5 shows the matching results before and after the

elimination, respectively. Each one of them consists of two

stacked images. The circle points represent pi in the first

image, and the cross points represent qi in the second im-

age. Corresponding points in these two images are linked by

a yellow line. If the error matching pairs in Fig. 5(a) cannot

be shown in Fig. 5(b), then the effectiveness of method is

shown. A conclusion can be observed from the experiment

results: the proposed method can eliminate the error match-

ing pairs obviously. This demonstrates the effectiveness of

the proposed method.

6 Conclusion

This paper proposes a new method to eliminate mismatch-

ing points of every two successive images based on motion

information. It is applicable to the cases that interest points

are all from a plane. The superiority of the proposed method

over RANSAC algorithms, the most commonly used error

matching eliminating methods, is that it is non-iterative and

thus time-efficient. The simulation illustrate the advantage

of the proposed method over the RANSAC algorithm: it has

a better accuracy and can save much time compared with the

RANSAC algorithm. Then the real image experiment shows

the effectiveness of the proposed method: it can eliminate

the error matching pairs efficiently.
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(a) before elimination

(b) after elimination

Fig. 5: Experiment Result
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