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Abstract— This paper presents a novel, efficient, vision-based
technique to estimate the attitude of Powered Two-Wheeled
Vehicles (P2WV) with respect to the road surface. This method
is based only on a monocular camera fixed on the vehicle.
The estimation is done in two steps. The first step relies on a
novel technique that utilizes perspective distortion and Inverse
Perspective Mapping to measure the sub-pixel width difference
of the lane markers and estimate the roll relative angle. The
second step uses the vanishing point technique from the lane
markers to estimate the yaw and the pitch. These last are then
converted to the same Euler convention, and the rotation matrix
of the camera is recovered. This permits estimating the vehicle
attitude.

The presented method was tested on several scenarios with
different high speeds and road shapes using the BikeSim
framework. The results show a very low error of estimation and
robustness against camera pose change. The main advantage
of this method is that the estimation is not accumulative, thus
eliminating the estimation drift error over time.

I. INTRODUCTION

Motorcycling is an exhilarating and rewarding activity
but entails certain risks and hazards. The National High-
way Traffic Safety Administration (NHTSA) reports that
motorcyclists are 28 times more likely than passenger car
occupants to die in a crash per vehicle mile traveled [1].

While following safety guidelines can help riders reduce
the risk of accidents, they are not always sufficient to
prevent them. Human errors, distraction, and other factors
can impair the rider’s ability to react quickly to hazards on
the road. Therefore, developing rider assistance systems, that
can enhance his awareness and performance, is essential.

Rider assistance systems can help motorcyclists avoid
collisions by responding to various riding situation. However,
to do so, these systems need to measure the motorcycle’s
attitude (roll, pitch, and yaw angles) relative to the road.
These rotations affect the motorcycle’s stability, balance, and
maneuverability and must be accurately estimated.

To estimate the motorcycle attitude, two main approaches
exist: model-based and vision-based techniques. The model-
based techniques [3], [2], [4] rely on the use of the ve-
hicle’s dynamic or kinematic models for the differential
state estimator. This makes the estimation directly related
to the intricacy and the complexity of the model and its
parameters. These models require understanding of wheel
interaction with the road, adding to the computational burden
due to their highly non-linear nature. This complexity poses
challenges in real-time scenarios.

Vision-based techniques [9], [7] rely on the principle of
visual odometry, using cheap and widely available camera
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Fig. 1: Steps of the proposed algorithm

sensors. They estimate the translation and rotation of the
camera using some visual features of the scene or the road
texture. While these methods have been shown to be accurate
in short scenarios, they also suffer from error accumulation
over time since they count on incremental localization. In
addition, feature extraction, matching, and outlier rejection
make vision-based techniques computationally expensive.

This work was motivated by the need for an efficient and
model-independent method based on a monocular camera.
The proposed algorithm measures the roll, pitch, and yaw
of a P2WV relative to the road, even at high speed without
suffering from time drift with low estimation error.

The subsequent section of the paper introduces the system
and defines the frames. Section III describes the construction
process using IPM techniques with a virtual camera. In
section IV, the concept of using pixel width difference to
recover the roll angle is explained. The estimation of yaw and
pitch angles using the vanishing point technique follows, and
all angles are converted to the same Euler convention. This
allows for the representation of the camera’s rotation matrix
and the reconstruction of the vehicle’s attitude in terms of
roll, pitch, and yaw relative angles. Figure 1 illustrates the
steps of the proposed algorithm.

II. SYSTEM DESCRIPTION

Consider the case of a P2WV with a monocular camera
installed, traveling on a planar road with two visible lane
markers as illustrated in figure 2.a. Let Ro be the ground
reference frame, where its x and y axes are in the road plane.
Its z-axis is pointing upwards, and it follows the road lane
marker as its x-axis is always tangent to the lane marker.
Rv is the vehicle body frame, defined at the front wheel
contact point when there is no steering. Rcs is the camera
frame which results from rotating Rv around it y-axis with a
known fixed angle µ. Let Rcp be another camera frame that
follows the pinhole camera frame definition, where its origin
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(a) Frames definition (b) BEV

Fig. 2: Frames definition and BEV of the road

is the optical point, and its z-axis is the optical axis. Its x
and y axes are the same orientation of the image’s plane x
and y directions, and finally, let Rocp be a local reference
frame where its z-axis is always tangent to the road lane
marker, its x-axis is perpendicular to the lane marker to the
inside of the road, and its y-axis is pointing downwards. It
can be seen easily that the rotation matrix from Rocp to Ro

and from Rcp to Rcs are given by:

oRocp =
csRcp =

 0 0 1
−1 0 0
0 −1 0

 (1)

The last two reference frames are defined in this way to
facilitate the estimation of the yaw and pitch angles.

In order to apply the algorithm, first, one needs a top view
of the road using the camera image from its current pose,
known as Bird-Eye-View (BEV), and it is constructed from
the original camera image.

III. BEV AND VIRTUAL CAMERA RECONSTRUCTION

Reconstructing a BEV from the original image has been
a discussion problem for many years. The easiest and most
adopted method in the literature is reconstructing the BEV
using the Inverse Perspective Mapping (IPM) [5], where a
virtual camera is constructed to look down on the road from
the same height as the original camera. In order to have a
good BEV image, the camera height, pitch, and roll angles
are needed as input to the IPM techniques.

However, if provided with a wrong roll angle, the recon-
structed lanes will appear distorted, and one lane will appear
larger than the other. Ultimately, the distortion in the lane
itself enables the estimation of the roll angle. In an ideal
Bird’s Eye View (BEV) representation, where there is no
roll, the lane markers would have equal widths.

While the IPM technique will provide an image, it will not
provide the properties of the newly constructed virtual cam-
era. This section aims to calculate the intrinsic parameters
of the virtual camera.

When defining the IPM, the region of interest is expressed
in meters, taking a width of Wmet meters centered around the
camera and Hmet meters starting from the camera and ahead.
This definition translates to defining a new frame RIPM that
has the exact origin as Rcs but with the orientation of Ro.

This will be important for converting word length to pixel
length and vice versa.

When executing the IPM, the virtual camera frame Rvc

will be written as a rotation from RIPM as vcRIPM =
oRocp. Starting with the virtual camera projection equation:

s ·
[
u v 1

]T
= K× [I3|0]×

[
X Y Z 1

]T
(2)

Where u and v are the pixel coordinates. X,Y and Z are
the 3D coordinated in Rvc frame, s is the scale which is a
number, to say the two sides of the equations are equal to

scale. K =

fvx 1 u0
0 fvy v0
0 0 1

 is the virtual camera intrinsic

parameter of the camera, where fvx is the focal length
measured of unites of pixel’s width, and fvy is the focal
length measured of unites of pixel’s height, u0, v0 are the
pixel coordinates of the principle point. However, since only
the 3D coordinates in RIPM frame are known, multiplying
equation (2) by the rotation matrix vcRIPM will allow to
write X,Y, Z as the 3D coordinated in RIPM .

s ·
[
u v 1

]T
= K× [vcRIPM |0]×

[
X Y Z 1

]T
(3)

Since the virtual and the actual camera share the same
optical point, there is no translation between them.

According to the definition of the region of interest
of the IPM, the principle point in the IPM image is at
u0 =

wpix
2 , v0 = hpix where wpix and hpix are the

width and height of the IPM image in pixels, respec-
tively. By substituting all the mentioned into equation (3):

s

uv
1

 =

fvx 0
wpix
2

0 fvy hpix
0 0 1

 0 −1 0 0
−1 0 0 0
0 0 −1 0



X
Y
Z
1


This leads to the following:[
u v 1

]T
=

[
−Y ·fvx

Z +
wpix
2

−X·fvy
Z + hpix 1

]T
(4)

Since Z is the distance between the road plane and the
camera origin in Rvc, Z can be replaced by Z = −h
for all points in the road plane. Also, the IPM region of
interest in pixels and meters is known, plugin in the top-
right corner with the pixel coordinates of

[
wpix 0

]T
and

the same point coordinates in meters in RIPM frame are[
Hmet

−Wmet

2 −h
]T

. Substituting this point in (4) will
allow to isolate and calculate both fvx and fvy , hence:

fvx =
h · wpix
Wmet

, fvy =
h · hpix
Hmet

(5)

fvx is needed for estimating the roll angle, as explained in
the next section.

IV. ROLL ANGLE ESTIMATION

A. Definition

Take the case of a camera C1 with no pitch and yaw, just
roll angle looking at the road. Let us take a cross-section
of the road that passes through the camera’s principle point,
as illustrated in figure 3 (this section is also the ZX plane



Fig. 3: BEV camera with the virtual no roll camera and the
lane points projected on their image planes

in Rcp frame of the camera). Let π be the image plane
projection in this section. Let us consider a second camera
C2 -with the exact specification of the previous camera- with
no roll angle by rotating the previous camera around its y-
axis with a ϕ angle, let π′ be its image plane projection
of this camera in this cross-section. Let the edges of the
white lanes on the surface of the roads be A,B and C,D
for each lane marker as illustrated in the figure 3, assuming
that these points are visible to the camera, then they have a
projection on its image plane. Let a, b, c, d be the projection
in pixels in the C1 camera’s image plane, and a′, b′, c′, d′

be the projection in pixels in the C2 camera’s image plane.
While the pixel position in each image plane differs for the
same point between the two cameras C1 and C2, the angles
between them are still the same since both cameras share
the same optical point. Let α be the angle from the optical
axis of the C1 camera

−−→
Om to

−→
Oa, β the angle from

−−→
Om

to
−→
Ob, γ the angle from

−−→
Om to

−→
Oc, δ the angle from

−−→
Om

to
−→
Od. In the same way for the second camera C2, let α′

be the angle from
−−→
Om′ to

−−→
Oa′, β′ the angle from

−−→
Om′ to−→

Ob′, γ′ the angle from
−−→
Om′ to

−→
Oc′, δ′ the angle from

−−→
Om′

to
−−→
Od′. These angles have a positive value if the direction

with rotation is positive around the y-axis of Rcp (right-hand
rule) and negative in the opposite direction.

B. Concept

In reality, the lane markers have the same width in meters.
Also, if the camera has zero roll angle with respect to the
road surface, then the lanes will appear with the same width
in pixels. Since the original camera has some roll angle, the
width of the lane markers will not be equal, one lane will
appear wider and the other smaller than they actually are.
Taking advantage of the width differences of these distorted
lane markers and the knowledge that they are equal in a
non-rolled camera, one is able to calculate the roll angle
of the camera. The idea is to calculate the width of each
lane marker in terms of ϕ in the non-rolled virtual camera

a′b′ and c′d′, using fact that they have an equal length in the
virtual camera image plane, we have a′b′ = c′d′ that enables
to calculate the value of the roll angle ϕ.

Starting by writing the equations for lengths a′b′ and c′d′:

a′b′ = fvx · (tanα′ − tanβ′), c′d′ = fvx · (tan γ′ − tan δ′)

Where fvx is the focal length measured in pixel width. For
the equation of c′d′, the order of angles is reversed because
points c, d lie on the opposite side of a, b as seen from the
origin m. Thus, they have negative pixel values. After slight
calculation, this leads to the following:

tanα′ − tanβ′ − tan γ′ + tan δ′ = 0 (6)

From the definition and as illustrated by figure (3) one can
write α′, β′, γ′, δ′ in terms of ϕ and α, β, γ, δ as follows:

α′ = α− ϕ, β′ = β − ϕ, γ′ = γ − ϕ, δ′ = δ − ϕ (7)

Substituting the last in (6)

tan (α− ϕ)− tan (β − ϕ)− tan (γ − ϕ) + tan (δ − ϕ) = 0
(8)

By using simple triangulation, angles α, β, γ, δ can be mea-
sured from the C1 camera with:

α = atan2(a′, fvx), β = atan2(b′, fvx)

γ = atan2(c′, fvx), δ = atan2(d′, fvx)
(9)

Noting that the pixel coordinates can be positive or negative.
In the special case where a center lane is visible, it can

greatly enhance the estimation since the distance between
the center lane and the edge lanes are significantly larger.
Doing the same analysis by replacing lane width with the
distance between the edge lanes and the center lane, one
can get:

tan (α1 − ϕ)− 2 tan (α2 − ϕ) + tan (α3 − ϕ) = 0 (10)

Where α1, α2, α3 represent the pixel coordinates of the left,
center, and right lanes, respectively.

Equations (10) and (8) will enable the calculation of the
value of ϕ directly. However, the solution must be done
numerically as it can not be solved analytically, which
introduces some computational costs.

C. Polynomial approximation
While the solution of equation (8) can be found easily

numerically, we can speed up the calculation even further by
using Padé approximation of the tan, which can transform
the problem to calculate a root of a polynomial.

The Padé approximation of tanx when −π
2 < x < π

2 is

given by the formula: pade(x) = N(x)
D(x) =

x− 1
9x

3+ 1
945x

5

1− 4
9x

2+ 1
63x

4

Under the assumptions that :
−π

2 < α− ϕ, β − ϕ, γ − ϕ, δ − ϕ < π
2

These assumptions always hold because the camera field
of view is less than π. Applying the Padé approximation on
equation (8), one can get :

N(α− ϕ) ·D(β − ϕ) ·D(γ − ϕ) ·D(δ − ϕ)

−D(α− ϕ) ·N(β − ϕ) ·D(γ − ϕ) ·D(δ − ϕ)

−D(α− ϕ) ·D(β − ϕ) ·N(γ − ϕ) ·D(δ − ϕ)

+D(α− ϕ) ·D(β − ϕ) ·D(γ − ϕ) ·N(δ − ϕ) = 0



Where N and D are the nominator and denominator of the
Padé function previously defined, this reduces the problem
of finding the real root closest to zero of this 17th degree
polynomial. While this is still not solvable analytically,
it is lighter computationally. We can further enhance the
performance by choosing the initial roll as the last estimated
one because we know that the roll change in two successive
frames is small. This method will provide the camera roll
angle of frame Rcs in the ZY X Euler convention.

D. Error analysis
Let us define the width difference between the two lane

markers in pixels as a function f :

f = tan
(
arctan (

a′

fvx
)− ϕ

)
− tan

(
arctan (

b′

fvx
)− ϕ

)
− tan

(
arctan (

c′

fvx
)− ϕ

)
+ tan

(
arctan (

d′

fvx
)− ϕ

)
Let us define the function g as:

g(p, ϕ) = tan
(
arctan (

p

fvx
)− ϕ

)
From this definition, it can be concluded from the error
propagation rule that: δg = |∂g∂p |δp+ | ∂g∂ϕ |δϕ, then:

δg =

fvx
p2+f2

vx
δp

cos2 (arctan ( p
fvx

)− ϕ)
+

δϕ

cos2 (arctan ( p
fvx

)− ϕ)

To make the writing easier, let us define a function q as
q(p) = 1

cos2 (arctan ( p
fvx

)−ϕ) , that means δg = fvx
p2+f2

vx
q(p) ·

δp+ q(p) · δϕ, then f can be expressed as:

f = g(a′, ϕ)− g(b′, ϕ)− g(c′, ϕ) + g(d′, ϕ) (11)

Assuming the error in pixel position is the same for all
the points a′, b′, c′, d′, one can write δp = δa′, δb′, δc′, δd′.
Following the error propagation rule, one can write:

δf = (
fvx

a′2 + f2vx
.q(a′) +

fvx
b′2 + f2vx

.q(b′) +
fvx

c′2 + f2vx
.q(c′)

+
fvx

d′2 + f2vx
.q(d′)).δp+ (q(a′) + q(b′) + q(c′) + q(d′)).δϕ

Which allows us to write:

δϕ =
1

q(a′) + q(b′) + q(c′) + q(d′)
.

(
δf +

( fvx
a′2 + f2vx

.q(a′)

+
fvx

b′2 + f2vx
.q(b′) +

fvx
c′2 + f2vx

.q(c′) +
fvx

d′2 + f2vx
.q(d′)

)
.δp

)
There are two terms that contribute to the roll angle

estimation error. The first one is due to the difference in
width between the lane markers in reality. The second is
due to the pixel position error in selecting the lane edges.

However, it can be proven that δϕ has an upper limit. Let
us take each term individually, starting from the second term.
it is known that fvx

a′2+f2
vx
,≤ 1

fvx
Applying this for the rest of

the points b′, c′, d′ leads to:
fvx

a′2+f2
vx
q(a′) + fvx

b′2+f2
vx
q(b′) + fvx

c′2+f2
vx
q(c′) + fvx

d′2+f2
vx
q(d′)

q(a′) + q(b′) + q(c′) + q(d′)

≤ 1

fvx
=

Wmet

h · wpix

Fig. 4: Selecting the cross-section and lane points

For the first term, from the definition q(p) =
1

cos2 (arctan ( p
fvx

)−ϕ) ≥ 1, then:

1

q(a′) + q(b′) + q(c′) + q(d′)
≤ 1

4
(12)

Substituting these inequalities in δϕ equation leads to:

δϕ ≤ 1

4
.δf +

Wmet

h · wpix
.δp (13)

However, δf is taken in pixels. In the real world, one is
interested in the width difference between the lane markers
in meters, returning to figure 3 and from trigonometry, it
is easy to find that δf = δw.fvx

h =
δw.wpix
Wmet

where δw is
the error of the lane width difference given in meters. Thus,
giving the final error equation for the roll angle

δϕ ≤ wpix
4Wmet

.δw +
Wmet

h · wpix
.δp (14)

E. Picking lane points in practice

The method for calculating the roll angle relies essentially
on the points a, b, c and d. Their extraction from the image
is critical for the estimation process. We provide a method
for estimating one valid set of these points with sub-pixel
coordinated. Sub-pixel coordinates are essential as the width
of the lanes may differ by less than one pixel.

After getting the distorted IPM image, it is binarized and
filtered, then the two lane markers are detected, and only the
edges of each lane marker are kept. After that, the edges are
filtered and fitted to a second-degree polynomial (this fitting
is what provided the sub-pixel coordinates), then the cross-
section is chosen at a distance as the furthest of the starting
point of each lane marker edge (figure 4), and then assign
the points as the values of the corresponding polynomial.

V. ESTIMATING ANGLES FROM VANISHING POINT

Vanishing point techniques have been used in the liter-
ature for pose estimation [8], [6]. However, from a single
vanishing point, estimating ”pan” and ”tilt” angles was not
very useful since they are not estimated in the standard ZY X
Euler convention. However, if the roll angle is available, it is
possible to transform all the angles into the same convention.



For a pinhole camera, we know that the formula of
perspective projection in homogeneous coordinates is:

s ·
[
u v 1

]T
= K× [cpRocp|t]×

[
X Y Z 1

]T
(15)

Where u, v are the pixel coordinates, and X,Y, Z are the 3D
coordinates written in Rcp, K is the 3x3 calibration matrix,
cpRocp is the 3x3 rotation matrix from the camera frame to
the world frame, t is the translation vector from the camera
frame to the world frame.

In this case, the interest is in the vanishing point where
the two road lanes intersect, which is in the z direction in the
world frame Rocp. This vanishing point is expressed in the
homogeneous coordinate system as Vz =

[
0 0 1 0

]T
The zero at the last component indicates that the point lies
at infinity. Assuming that vpix is the coordinates in pixel of
the vanishing point in the image plane, one gets:

s · vpix = K× [R|t]×
[
0 0 1 0

]T
(16)

Which leads to s · vpix = K× r3 Where r3 is the 3rd

column of the rotation matrix R, knowing that r3 should
have a unit length, that will get rid of the scaling factor s,
and one can write

r3 =
K−1 × vpix∥∥K−1 × vpix

∥∥ (17)

Let α be the pan angle between Rcp and Rocp around
y-axis of Rcp, then let β be the tilt angle between Rcp and
Rocp around x-axis of the resulting frame, following the
standard Y XZ Euler angles order convention.

Because of the way the camera is defined, it is only
possible to get the last row of the rotation matrix cpRocp

from the vanishing point, in order to estimate pan and tilt,
a representation that enables to calculate the two angles just
from the last column has to be chosen. Thus the use of the
Y XZ Euler representation, where the rotation matrix takes
the following form:

cpRocp =

 cαcγ + sαsβsγ cγsαsβ − cαsγ sαcβ
cβsγ cβcγ −sβ

−cγsα + cαsβsγ cαcγsβ + sαsγ cαcβ


Where sθ is sin θ, and cθ is cos θ.
It can be seen that the last column is just composed of

the pan and tilt angles. From this, the connection between
the vanishing point and the pan and tilt angles can be con-
cluded: r3 =

[
sinα · cosβ − sinβ cosα · cosβ

]T
which

means that the equations of both α and β can be found as
follows: α = atan2(r3(1), r3(3)), β = −asin(r3(2)) where
r3(1), r3(2), r3(3) are the components of r3.

A. Camera angles from YXZ to XYZ convention

The previous section explained how to get the pan and
tilt angle of the camera. However, they are written in Y XZ
representation, which is not helpful. In this section, we prove
that α is exactly the yaw angle of the frame Rcs from Ro,
and β is precisely the pitch angle of the frame Rcs from Ro

following an XY Z Euler angles representation.
What is required is to get the angles of Rcs from frame

Ro first using XY Z Euler convention to have all angles in

Fig. 5: lines that define the vanishing point with their error

the same representation, and they can be transformed easily
to ZY X Euler representation which is the most used in
vehicles. In order to prove that α and β are the yaw and
pitch angles in XY Z representation, we need to write oRcs

in terms of α and β and compare it with the rotation matrix
in the XY Z convention. Starting from cpRocp:

oRcs =
oRocp × ocpRcp × cpRcs (18)

From the definition, oRocp = cpRT
cs Moreover, it is known

that ocpRcp =
cpRT

ocp Substituting these in (18) one get:

oRcs =
cpRT

cs ×
cpRT

ocp ×
cpRcs (19)

Furthermore, one can write:

cpRocp =

 cαcβ −sαcβ sβ
cγsα − cαsβsγ cαcγ + sαsβsγ cβsγ
−cαsβcγ − sαsγ sαsβcγ − cαsγ cβcγ


On the other hand, we have the rotation matrix constructed

from the XYZ Euler convention: oRcs = Rx(−ϕ)×Ry(θ)×
Rz(ψ) By doing the matrices product, one gets the following

cpRocp =

 cψcθ −sψcθ sθ
cϕsψ − cψsθsϕ cψcϕ + sψsθsϕ cθsϕ
−cψsθcϕ − sψsϕ sψsθcϕ − cψsϕ cθcϕ


Since −π

2 < α, β, γ < π
2 the rotation is unique, that means

there is only one set of (α, β, γ) that constructs this rotation,
thus ψ = α, θ = β, ϕ = γ. This proves that α is indeed the
yaw angle and β is the pitch angle of the camera in the
XY Z Euler convention.

B. Error analysis

Since the yaw and pitch estimation relies on the vanishing
point, the error analysis of the vanishing point position is
necessary. Let each line be comprised of two points, A,B
for the right, and C,D for the left. Let δp be the maximum
projection error for the four points. Thus, the worst case is
for each point to have ∓δp on each coordinate. According
to this definition, the error in the vanishing point coordinates
can be bounded by the maximum and minimum values for
each of the x and y coordinates of the intersection. Note that
the y − axis is pointing downwards.

The maximum x coordinates for the intersection point is
to take the right line with the largest slope and the left line
with the smallest, as illustrated in figure 5 by the blue right
line with the red left line giving the maximum x. for the
minimum x it is the inverse, the smallest slope right line
and the largest slope left line (right red with left blue lines
on figure 5).



The largest x is the intersection of these two lines:

y = yA + δp+
(−yA + yB − 2δp)

(−xA + xB + 2δp)
(x− xA + δp)

y = yC − δp+
(−yC + yD + 2δp)

(−xC + xD + 2δp)
(x− xC + δp)

Which gives:

xmax =
a0 + a1δp+ a2δp

2

a3 + a4δp+ a5δp
2

Where a0, ..., a5 are comprised only of
xA, xB , xC , xD, yA, yB , yC , yD
The smallest x can be given in the same way as:

xmin =
b0 + b1δp+ b2δp

2 + b3δp
3

b4 + b5δp+ b6δp
2

Where b0, ..., b6 are comprised only of
xA, xB , xC , xD, yA, yB , yC , yD knowing this, one can
define δx = |xmax − xmin|.

For the y coordinates, in the same way, the maximum y
is the intersection of the two smallest slope lines from the
left and right (the two red lines in figure 5). Moreover, the
smallest y is taken by intersecting the two largest slope lines
from the left and right (the two blue lines in figure 5).
ymin = c0+c1δp+c2δp

2+c3δp
3

c4+c5δp+c6δp2

ymax = d0+d1δp+d2δp
2+d3δp

3

d4+d5δp+d6δp2

Where d0, ..., d6, c0, ..., c6 are composed only of
xA, xB , xC , xD, yA, yB , yC , yD.
One can define δy = |ymax − ymin|
Now for the error in yaw and pitch

r3 =

sinψ · cos θ
− sin θ

cosψ · cos θ

 =
K−1 × vpix∥∥K−1 × vpix

∥∥ (20)

It is known that K−1 =

 1
fx 0 − u0

fx

0 1
fy − v0

fy

0 0 1

 thus

r3 =
1√

1 + (u0−x)2
fx2 + (v0−y)2

fy2

(
−u0+x
fx

−v0+y
fy 1

)
ψ = arctan (

r3(1)

r3(3)
) = arctan (

−u0 + x

fx
)

θ = arcsin (r3(2)) = arcsin (
−v0 + y

fy
√
1 + (u0−x)2

fx2 + (v0−y)2
fy2

)

For the yaw angle, by applying the error propagation rule,
one can get δψ = fx

fx2+(u0−x)2 δx ≤ 1
fx
δx thus the yaw error

is only related to the error of the x position of the vanishing
point.

By applying the error propagation rule for the pitch angle:

δθ = h1(u0, v0, x, y, fx, fy)δx+ h2(u0, v0, x, y, fx, fy)δy

h1 = (u0−x)(−v0+y)
f2
xfy(1+

(u0−x)2
f2x

+
(v0−y)2
f2y

)
3
2
. 1√

1− f2x(v0−y)2

f2y (u0−x)2+f2x(f2y+(v0−y)2)

h2 = 1
(f2
y (u0−x)2+f2

x(f
2
y+(v0−y)2)) .

1√
1+

(u0−x)2

f2x
+

(v0−y)2

f2y

.

fy(f
2
x+(u0−x)2)√

1− f2x(v0−y)2

f2y (u0−x)2+f2x(f2y+(v0−y)2)

VI. ROLL ANGLE TO XY Z AND CONSTRUCTION OF
CAMERA ROTATION MATRIX

The roll angle is in the desired ZY X Euler convention.
However, because the pitch and yaw are in XY Z convention,
it is easier to convert the roll to XY Z convention, then
construct the rotation matrix, and then convert everything
back to the desired ZY X convention.

The rotation matrix is the same no matter what convention
we choose. Its rows and columns do not change with the
representation. According to that, we can write:

Rx(ϕ1)×Ry(θ1)×Rz(ψ1) = Rz(ψ2)×Ry(θ2)×Rx(ϕ2)

It can be found by isolating cθ2 from cψ1
cθ1 = cψ2

cθ2
that cθ2 =

cψ1
cθ1

cψ2
, by substituting the last in sψ1

sθ1cϕ1
+

cψ1sϕ1 = cθ2sϕ2 , and by isolating ϕ1, it can be shown that:

ϕ1 = atan2(cos θ1 · tanϕ2 − sinψ1 · sin θ1, cosψ1) (21)

Which transforms the roll angle from the ZY X convention
to the XY Z convention using the yaw and pitch from the
XY Z convention.

Now that all the roll, pitch, and yaw angles are known
in the same convention, the transformation matrix of the
camera frame Rcs with respect to the ground frame Ro can
be written as follows:

R = oRcs = Rx(ϕ1)×Ry(θ1)×Rz(ψ1)

VII. FROM CAMERA TO VEHICLE

The goal is to recover the vehicle’s rotation matrix or rota-
tion angles, not the camera’s. However, knowing the camera
rotation matrix is the hardest part. Then it is multiplied by
the rotation matrix between the vehicle and the camera to
get to the vehicle rotation matrix.

From the definition vRcs =

 cos(µ) 0 sin(µ)
0 1 0

− sin(µ) 0 cos(µ)


Then:

oRv =
oRcs × vRT

cs (22)

Assuming that R = oRv =

r11 r12 r13
r21 r22 r23
r31 r32 r33

 one can

extract the yaw, pitch, and roll using the ZY X convention
for the vehicle as follows:
ψ = atan2(r21, r11), θ = −asin(r31), ϕ = atan2(r32, r33)

In practice, an initial calibration process is crucial to get
vRcs and K, in addition to setting the nominal camera
height. This calibration process is done only once when
installing the system.
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Fig. 6: DLC on a straight road at 150km/h in HD
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Fig. 7: DLC on a straight road at 150km/h in FHD

VIII. SIMULATION AND RESULTS ANALYSIS

Three different scenarios were created using BikeSim to
asses the proposed approach with different road shapes,
speeds, duration, and image resolutions. Each is key to
evaluating one aspect of the algorithm.

It is essential to state that the roads are empty with a
well-lit environment, with no strange objects in the scene.
The camera was installed at the height of h = 1.1m and
tilted µ = 15◦ in the virtual environment. The only input to
the algorithm is the image. All these tests were done on a
Matlab R2020b environment, installed on Windows 10, on
a mid-range laptop with an AMD Ryzen 3750H chip.

A. Double Lane Change in a short straight road

A Double Lane Change (DLC) maneuver was executed
at a high speed of 150km/h. The test was done using two
different camera resolutions, one at Full-HD (1920× 1080)
at 24FPS, and the other at HD resolution (1280 × 720)
at 30FPS. The camera Field of View was 80◦ for both
resolutions.

The estimation is excellent with very low Root Mean
Squared Errors (RMSE), as shown in table I and figures
6 and 7.

B. Double Lane Change in a short curved road

This test is critical, as it evaluates the algorithm on a
more challenging curved road shape while executing a DLC
maneuver. This test was executed at a speed of 80km/h. The
test was done using similar camera resolutions to the first
test, FHD at 24FPS and HD at 30FPS. The camera Field
of view was 120◦ for both resolutions. This is very important
as seeing the curve as close as possible to the camera helps
with the vanishing point estimation, thus helping with the
yaw and pitch estimation.

The estimation was also very good with very low RMSE,
as shown in table I.Figures 8 and 9 illustrate these results.
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Fig. 8: DLC on a curved road at 100km/h in HD
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Fig. 9: DLC on a curved road at 100km/h in FHD

C. Very long straight road with repeatable DLC maneuvers

As this algorithm estimates the absolute vehicle’s angles
(relative to ground), it is essential to show that there is no
drift over time, because the estimation is not accumulative in
the algorithm as in other odometry algorithms. There should
be no drift over time. This test is critical, as it shows the
added value of the algorithm. This test was executed at a
high speed of 100km/h. The test was done using similar
camera resolutions to the first test, FHD at 24FPS and
HD at 30FPS. The camera Field of view was 80◦ for both
resolutions.

The estimation was also very good with very low RMSE
as shown in table I.Figures 10 and 11 illustrate these results.

D. Special case when the center lane is available

As mentioned in section IV.B, the estimation of the roll
angle can be enhanced by the inclusion of the center lane.
This significantly improves the accuracy of the roll angle
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Fig. 10: DLC on a straight road at 80km/h in HD
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Fig. 11: DLC on a straight road at 80km/h in FHD
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Fig. 12: DLC, straight, 150km/h, HD, centerlane visible

Scenario Roll(◦) Pitch(◦) Yaw(◦)
1 at 30FPS HD with center line 0.1905 0.0563 0.0124
2 at 30FPS HD with center line 0.194 0.0897 0.0532
3 at 30FPS HD with center line 0.2189 0.0522 0.005

1 at 24FPS FHD 0.5159 0.0557 0.03
2 at 24FPS FHD 0.314 0.0949 0.0591
3 at 24FPS FHD 0.4324 0.0517 0.0107
1 at 30FPS HD 0.9361 0.0555 0.0347
2 at 30FPS HD 0.6114 0.0893 0.0568
3 at 30FPS HD 0.7928 0.0515 0.0173

TABLE I: RMSE of angles estimation in different scenarios

just at HD 30FPS. The results are far better than just the
two lane markers with a stable RMSE of around 0.2◦ across
all tests achieving the lowest error and best fit as illustrated
in table I and figure 12.

IX. DISCUSSION

As shown in the results, the approximation is excellent.
While the error for the yaw and pitch remains relatively the
same across all tests, the roll angle error benefits significantly
from higher resolution and higher frame rate. Increasing the
resolution from HD to FHD doubled the accuracy. In the
special case where the center lane is present in the scene, the
accuracy was improved four to five times in some scenarios,
and it was stable on about 0.2◦ across all scenarios.

In figure 10, it can be seen that the estimation of the pitch
is not perfect. However, in this scenario, the road was curved,
which produces some estimation error, plus the error from
the roll angle is propagated when constructing the camera
rotation matrix. Nevertheless, the scale of the pitch in that
scenario is very small, and the RMSE value of the error is
still similar to other scenarios.

While the pitch and the height of the camera are important
inputs to the IPM technique, they are not provided as inputs
to the algorithm. They are entered as fixed values inside the
algorithm with their initial values µ = 15◦ for the pitch
angle and h = 1.1m for the height as the roll estimation is
tolerant against pitch change since we are only taking points
on the road on the same cross-section. This means the same
distance, and the change in pitch has the same effect on all
points in the same cross-section at the same distance from
the camera. Thus, the pitch effects will cancel out for these
points. It is also robust against height change since it will
only affect the scaling of the image, which will not affect
the results.

X. CONCLUSIONS

In this paper, a real-time novel technique is proposed to
estimate the relative roll, pitch, and yaw angles of the vehicle

to the road using only a monocular camera fixed on the
vehicle body. The technique relies on a novel approach to
estimate the roll angle from the two lane-markers distortion
in the BEV image. The roll and pitch angles were estimated
using the vanishing point technique. Then all the angles were
transformed to be written in the same Euler angle convention.
This allowed the writing of the camera rotation matrix and
the extraction of the vehicle rotation angles. The algorithm
was tested using several scenarios with different road shapes
and speeds. The results were indeed very promising. The
advantage of this algorithm is that it is independent of the
vehicle’s dynamic model, and it can be applied to other road
vehicles. In addition, the estimation is absolute to the road, as
there is no drift over time. Finally, it tolerates camera height
and pitch changes, in addition to the real-time performance.
However, the method is currently hard to use in traffic areas
because it requires lane markers to be visible on the scene.
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