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Abstract

In this paper, the use of natural features for vision
based navigation of an Indoor-VTOL named Air-Quad
is presented. Air-Quad is a small four-rotor helicopter
developed at the ITE.

Such a helicopter needs reliable attitude informa-
tion. The used MEMS gyroscopes and accelerometers
have strong noise and need aiding through complemen-
tary sensors like GPS or the here presented computer
vision module.

In the computer vision module, feature points are
tracked through the image sequence and keyframes are
determined. With the two-dimensional coordinates of
the feature points the relative rotation and transla-
tion of the camera between the keyframes are esti-
mated. The three-dimensional coordinates of points in
the scene are triangulated. An efficient sparse bundle
adjustment algorithm is used to improve the estima-
tion of the scene structure and the navigation solution.

It is shown that the use of the computer vision mod-
ule improves greatly the navigation solution compared
to a solution based only on MEMS sensors.

As a first step towards collision avoidance, the free
space in front of the camera is estimated as a polyhe-
dron approximation.

1 Introduction

In the last years, small Unmanned Aerial Vehicles
(UAV) called Micro Aerial Vehicles (MAV) were de-
veloped to be used in surveillance and reconnaissance
tasks.

Especially for the control of helicopters an accu-
rate attitude information is necessary. The used
cheap Micro-Electro-Mechanical Systems (MEMS) gy-

Figure 1: Flying airframe Air-Quad with mounted

camera at the left side.

roscopes and accelerometers are noisy and need addi-
tionally aiding sensor information to supply a reliable
navigation information. Such an additionally sensor
could be GPS. But GPS fails in indoor environments,
cannot aid the yaw angle estimating during hovering,
or can be jammed. Therefore the use of a computer
vision module for the aiding of the navigation system
is an interesting option.

Due to the increased availability of computer power,
computer vision systems are getting used for MAV in
the last few years: A simulation of a GPS/INS sys-
tem for a fixed wing aircraft with horizon detection
is shown in [1]. In [2] the speed over ground is cal-
culated using a stereo camera. In [3] a camera based
control of a four-rotor helicopter using colored markers
is shown. Artificial markers to determine the position
and attitude are presented in [4].

In this contribution, the possibility to use a com-
puter vision module to aid the position and attitude
estimation using non-artificial features is shown with
real data.

This paper is divided in the following parts: In the
next section, the used airframe Air-Quad is presented,
after that a description of the integrated navigation
systems follows. Then the developed computer vision
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Figure 2: Integrated navigation system.

module is described in great detail. After that, the
experimental results are presented. And finally, con-
clusions are drawn.

2 AIRFRAME AIR-QUAD

A four rotor helicopter named Air-Quad (s. Fig. 1) was
designed at the ITE to develop and verify navigation
algorithms. Its advantages are the simple mechani-
cal design without swash plates and the high agility.
The control of the position, velocity and attitude is
achieved using different rotational speeds of the rotors.
For example, a roll to the left is made by reducing the
speed of the left rotor and increasing the speed of the
right rotor.

Reliably navigation information provided by an in-
tegrated navigation system is required to control the
helicopter.

3 INTEGRATED NAVIGATION

SYSTEM

An integrated navigation system (s. Fig. 2) integrates
the measured accelerations fb and rotations ωb using
the strapdown algorithm [5] to gain attitude Cw

b , po-
sition xw and velocity vw information. Because of the
noise of the used MEMS sensors, additionally aiding
with complementary sensors like GPS [6] or the here
presented computer vision module is essential.

(a) (b)

Figure 3: Lens distortion: (a) image captured with the

wide angle camera, (b) removed distortion.

4 COMPUTER VISION MODULE

The task of the computer vision module is to determine
the camera movement using the shift of image points.

4.1 Camera model

The camera model describes the relationship between
the three-dimensional points in the scene and their
two-dimensional image coordinates.

A three-dimensional point (x, y, z)T can be written
in homogenous coordinates as (x, y, z, 1)T. This allows
the combination of rotation R = (rij) and translation
t = (tx, ty, tz) to the transformation T b

a . It transforms
the vector xa given in coordinate system a to the vec-
tor xb given in coordinate system b.

xb = T b

a
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By using the homogenous coordinates the equal sign
“=” means equality only up to a scale. The projec-
tion of a three-dimensional vector given in the cam-
era frame to the two-dimensional image coordinates
(u, v)T is [7]:
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The matrix K is the camera calibration matrix, the
principal point is (px, py)T, the focal lengths are
(fx, fy), and I is the 3 × 3-identity matrix. The ma-
trix K and the parameter of the lens distortion (s.
Fig. 3) of the used wide angle camera are determined
in a preflight calibration.

4.2 Feature points selection and tracking

Feature points are found in the real images using the
Harris corner detector [8]. In the adjacent images of

130



the video sequence the feature points are tracked using
the optical flow. A stable feature point can be tracked
from the first image to the second image and back to
the first image resulting in the same image coordinates.
Noise and mismatches are common, so all used models
are robustly estimated using RANdom SAmple Con-
sensus (RANSAC)[9]. These models are described in
the following.

4.3 Point movement models

Two models describing the point movement in an im-
age sequence are presented in the following two sub-
sections.

Fundamental matrix

With a camera translation t between two camera views
P 1 = K · [I|0] and P 2 = K · [R|t] the three-
dimensional point X are projected to x1 = K ·[I|0]·X
and x2 = K · [R|t] · X.

The matrix F with xT
2 · F · x1 = 0 is called funda-

mental matrix [10]. It is

F = K−T · [t]× · R · K−1 , (3)

with [t]× · a = t × a.
With a translation t �= 0, the relative rotation and

translation of the two cameras can be calculated using
the fundamental matrix. With the found rotation and
translation of the camera and matched feature points,
the coordinates of the three-dimensional points can be
calculated using triangulation.

With no or a very small translation and noisy point
coordinates the determination of the fundamental ma-
trix is ill-conditioned. In this case, it is not possible to
gain information about the rotation.

The essential matrix E = [t]× · R could be used
instead of F if the camera calibration matrix K is
known.

Homography

A homography is the mapping of points from one plane
(e.g. the first image plane) to points on a second plane
(e.g. the second image plane or a planar part of the
scene).

A homography describes the scene perfectly, if the
camera only rotates between the used images. Having
only a pure rotation, it is not possible to gain the depth
of the points.

And a homography describes a pure planar scene
perfectly. With given camera calibration, the ho-
mography [7] for the cameras P 1 = K · [I|0] and
P 2 = K · [R|t] is

H = R − t · nT/d with x2 = H · x1 . (4)

Here πE = (nT, d)T describes the seen plane.

With a pure rotation (t = 0) the rotation matrix
can be taken directly from the estimated homography.

4.4 Selecting Model and Keyframes

The fundamental matrix and homography are both
useful to find new point correspondences. The homo-
graphy can be used to describe pure rotation or pure
planar scene. The fundamental matrix describes a gen-
eral scene if there is a translation and can provided
depth information via triangulation. Next, the selec-
tion of the best fitting model is described.

Model selection using GRIC

The geometric robust information criterion GRIC is
suggested in [11] to choose between different models.
It consists of two parts: One part for the parsimony
of the model and one part for the goodness of the fit.
For every movement model the unit-less GRIC is cal-
culated:

GRIC =
∑

i

ρ(e2

i ) + d · n · ln(r) + k · ln(r · n) . (5)

Where n is the count of features, ei are the residues,
r is the dimension of the data (4 for two views), k is
the dimension of the model parameter (7 for F and 8
for H), and d is the structure dimension (3 for F and
2 for H).

The robust function ρ(e2) of the residues of the
model fitting is

ρ(e2) = min

(
e2

σ2
, 2 · (r − d)

)

(6)

with σ as the standard deviation of the measurement
errors.

The different models could be compared directly us-
ing GRIC: The model with the lowest GRIC value de-
scribes the point shift best.

Choice and use of keyframes

The homography is usually the best model for two ad-
jacent images of a video sequence. To get information
about the depth of the scene, it is necessary to find two
camera views with enough translation between them.

To achieve this goal, keyframes are selected from the
sequence of the images. The first image is always the
keyframe S0. The next keyframes are chosen according
to the following procedure: The fundamental matrix
and the homography and their GRIC are robustly es-
timated between the current image and the current
keyframe Si. A new keyframe is found if GRIC-E falls
below GRIC-H (s. Fig. 4).

In the following, the coordinate systems at the time
of the preceding keyframe Si−1 have the suffix 0 and
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Figure 4: Found keyframes (�) and geometric robust

information criterion for the homography H

(GRIC-H) and essential matrix E (GRIC-E)

calculated from current frame to the preced-

ing keyframe.

the coordinate systems at the time of the current im-
age have the suffix 1. The attitude and position of
the strapdown algorithm at the time of the preceding
keyframe Si−1 have been stored as T w

b0
.

The rotation matrix R and translation vector t (up
to an unknown scale) between the current image and
the preceding keyframe Si−1 can be determined using
the found essential matrix E = [t]× · R according to
[7] and results in the transformation T c0

c1 .

4.5 Triangulation and Bundle Adjustment

With the point correspondences between the current
keyframe Si and the preceding keyframe Si−1 three-
dimensional points of the scene can be triangulated
and added into a sparse map of the environment using
the estimated rotation R and translation t between
the two keyframes.

The three-dimensional point X given in the camera
frame of the keyframe Si−1 is projected with P 1 =
K · [I|0] and P 2 = K · [R|t] to the image coordinates
(u1, v1)

T and (u2, v2)
T. The equation AX = 0 with

A =


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3T
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2




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

(7)

and the rows of P j given as piT
j can be solved for

X . The found three-dimensional points and camera
frames are used as initial parameters for an iterative
Levenberg-Marquardt optimization of the reprojection
error for all camera frames and points. The efficient
implementation of this bundle adjustment takes ad-
vantages of the sparse nature (s. Fig. 5) of the Jaco-
bian matrix [7] of the reprojection error.

xw
1 . . . xw

5
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xb2

j

xb3

j

T c1
w

T c2
w T c3

w

Figure 5: Sparse Jacobian matrix for the bundle ad-

justment of three cameras and five features:

Gray fields are zero.

The bundle adjustment allows the optimal estima-
tion of points in the scene and all camera poses (trans-
lation and rotation). It is also possible to quickly es-
timate only the current camera pose by keeping the
scene structure and the old camera frames constant.
Using only the computer vision module, it is possible
with one camera to determine scene and translation
up to a global scale (doll house effect). With addi-
tional sensor data (e.g. IMU) this scale factor can be
determined.

The result of the bundle adjustment for the cur-
rent camera frame T̃ w

c1 is compared to the transforma-
tion T w

b1
taken from the strapdown algorithm under

the assumption that the transformation T b1
c1

between
the body frame b and camera frame c is constant.

The result of this comparison can be used in a
Kalman filter to improve the state of the strapdown
algorithm. The measurement of the Kalman filter is:

∆ = T̃ w

b1 · T
b1

w . (8)

The angles in ∆ are small enough to use an Euler
angles formulation.

5 EXPERIMENTAL RESULTS

Three trajectories are used for the evaluation of the
computer vision module with real video data: The
first and second trajectories are used to estimate the
accuracy of the computer vision module. The last tra-
jectory is used to measure the speed of the algorithm
and perform first steps towards collision avoidance.

Accuracy Estimation

The first trajectory is a fast raise from the ground level
followed by a decline with steps of equal size. The re-
sult of the computer vision module is shown in Fig. 6
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Figure 6: Position measurements generated by the

computer vision module in comparison with

the reference.

together with the reference. In the beginning of the se-
quence, the bundle adjustment needs some movement
of the camera to get a first estimation of the scene
structure. A mean absolute error of (2.4, 1.6, 3.7) cm
is achieved with a maximum flight height of 178.4 cm.

For the second trajectory, a two-axis table with an-
gle scale is used to determine the reference of the
Euler angles (roll, pitch, yaw). The result is shown
in Fig. 7. A mean absolute Euler angles error of
(0.91, 1.02, 0.28) deg is achieved. This error is drift-
free and enables a control of the hover flight.

Without the aiding of the computer vision module,
the MEMS based solution drifts in 35 seconds to a posi-
tion error greater than 500 m and an attitude error for
the yaw-angle greater than 7 deg. Using computer vi-
sion, even the yaw angle could be stabilized in a hover
flight, which is not possible using a GPS receiver.

Real-Time Capability

The third trajectory starts at the ground level of a
corridor. The hand-carried camera hovers and turns
slightly around the yaw-axis. In the end, it landed on
the starting spot.

Using a desktop PC, the computer vision module
has the following timing: The first bundle adjust-
ment using 12 keyframes and 525 image projections
needs 260 ms. Adding one keyframe is done in 25.2 ms
and estimating the current camera frame without op-
timization the scene structure needs 0.5 ms. With a
recorded video sequence, it is possible to process 28

−30

−20

−10

 0

 10

 20

 30

 0  10  20  30  40  50

Ro
ll 

An
gl

e i
n 

De
gr

ee

−30

−20

−10

 0

 10

 20

 30

 0  10  20  30  40  50

Pi
tch

 A
ng

le 
in

 D
eg

re
e

−30
−20
−10

 0
 10
 20
 30

 0  10  20  30  40  50

Ya
w 

An
gl

e i
n 

De
gr

ee
Time in seconds

Reference Measurement

Figure 7: Attitude measurements as Euler angles gen-

erated by the computer vision module in

comparison with the reference.

frames per second. This result permits the aiding of
the strapdown algorithm in real-time.

Collision Avoidance

A first step towards collision avoidance is shown in
Fig. 8: Starting with the two-dimensional positions of
feature points in the first image, a Delaunay subdivi-
sion is calculated to gain a triangular mesh. This mesh
is transformed into a three-dimensional approximation
of the seen planar surfaces using the estimated three-
dimensional position of the used points. The outer
edges of the mesh are connected with the camera cen-
ter to form a polyhedron of free space. The combina-
tion of polyhedrons from different camera view points
could be used in the future to build a collision avoid-
ance system for indoor flying helicopters.

6 CONCLUSIONS

In this paper, the use of natural features for vision
based navigation of the four-rotor helicopter Air-Quad
was presented.

Two models to describe the shift of features were
investigated using real image data: The homogra-
phy which describes a pure rotation or a planar scene
and the fundamental matrix which describes a general
scene under the condition that a translation exists.

The models were evaluated using a geometric robust
information criterion. Keyframes were selected based
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on this criterion.

Feature point coordinates in the keyframes were
given to an efficient sparse bundle adjustment algo-
rithm to optimize the estimation of the structure of
the scene and the camera position and attitude.

The results demonstrated the use of a computer vi-
sion module without artificial landmarks to aid a nav-
igation system in an indoor environment. A drift-free
navigation solution for position and attitude (impor-
tant for the hover flight) could be achieved. In oppo-
site to a GPS based solution, even the yaw angle could
be stabilized using the computer vision module while
hovering.

First steps towards collision avoidance results in the
estimation of a polyhedron of free space in front of the
camera.

The next steps will be the use of the found free space
to build a collision avoidance system for indoor flying
helicopters.
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