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Abstract: In augmented reality, the position and orientatof the camera must be
estimated very accurately. This paper will propose a filgrapproach, similar to

integrated navigation in aircraft, which is based on irénheasurements as primary
sensor on which dead-reckoning can be based, and featuties image as supporting
information to stabilize the dead-reckoning. The imageduies are considered to be
sensor signals in a Kalman filter framewo€@opyright©2005 IFAC
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1. INTRODUCTION e The environment is prepared in advance using
artificial markers, which impose a significant
additional cost to these systems. Examples of
this kind of system can be found in (Caads
al.,, 2003; Yokokohjiet al, 2000; Thomaset
al., 1997).

e Markerless systems, which use natural features
occurring in the real scene as markers. The ap-
proach presented in this paper will utilize this

The idea iraugmented reality (AR3 to add synthetic
background and objects to streaming video images in
real-time, while allowing the camera to move. One
of the major technical challenges to achieve this is
to determine the camera’s position and orientation in
3D with very high accuracy and low latency. Typical
applications of such a system includes studio record-

ings with synthetic scenes (Thomessal, 1997) and strategy. The need for this kind of systems is

virtual reconstruction of historical buildings (Vlahakis motivated in (Azumeet al, 1999). A common

et al, 2002). charact_erlstm of these systems is that they use
some kind of model of the scene. Some attempts

Prior work in this recent research area focuses on im- to create such a system are given in (Yeu

age processing algorithms, where the streaming image al., 1999; Klein and Drummond, 2003).
is the primary information source (Davison, 2003).

This requires quite a lot of features in each image,
and has lead to a development of marker-based sys
tems, where bar-coded markers are installed in the
studio (Thomaset al, 1997). Later work has tried

In this contribution, the reverse approach is applied.
An inertial measurement unit (IMU) with three de-
grees of freedom accelerometers and gyroscopes is
used as the primary source of information. Dead-

to avoid artificial markers, by including other infor- reckoning gives a position and orientation relative to

mation like accelerations and angular velocities from the initial camera location. This estimate will quite
inertial sensors (Yowet al, 1999; You and Neu- SOON drift away and become completely useless, un-
mann, 2001). less it is supported with secondary sensors, which in

this case are provided by the images.
When it comes to using vision in AR two fundamen-

tally different strategies have been used:



Our approach mimics the navigation systems in air-
craft (Nordlund, 2002; Schoet al, 2004). There are
obviously many similarities of aircraft navigation and
our approach to augmented reality: the aircraft and
camera have the same state vector, navigation is base
on dead-reckoning IMU sensor signals, and both have
to be supported by secondary information. For aircraft,
infrastructure based positions from instrument landing
systems or satellite positioning systems can be used
In military applications terrain navigation systems can
be employed (Bergmast al, 1999). In this paper,
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In the subsequent sections the relevant coordinate
gystems are defined and the nonlinear functign
in (1) will be derived.

2.1 Geometry and Coordinate Systems

The following three coordinate systems are used:

features in the image are used as secondary sensorg1) Fixed (F): This is considered to be an inertial

in two different ways:

e Feature displacement: An observed movement of
a distinct feature in the image can be directly
related to a movement in the camera, which will
be shown to correspond to a one-dimensional

measurement equation for each feature displace-

ment.

Recognition of known 3D-objects: Certain char-

acteristic features in the scene are stored in a
scene model prior to filtering. When such a fea-

ture is observed in the image, two degrees of
freedom of the camera position can be deter-
mined.

A possible third direction is to use the homogra-
phy (Hartley and Zisserman, 2003). However, this is
not elaborated on within this article. This idea has pre-
viously been discussed in e.g., (Détlal., 2005; Vidal
etal, 2001).

By using the IMU as primary sensor, it is not neces-
sary that all six degrees of freedom are present in the
features in every image. This is the main advantage in
the approach of fusing information from the inertial
sensors with the information from the vision sensor.

2. DYNAMIC MOTION MODEL

The dynamic state equations for the camera consist

of a set of nonlinear differential equations describing
how the camera pose is related to the readings from
the accelerometers and the gyroscopes according to

l‘(t) = f(x(t)vu(t)a t)7 1)

where the state vectax(t) consists of positioy, ve-
locity v¢(vy = ¢f) and orientation (represented using
unit quaternionsy(q = qcr), i-e.,x = [}, v}, ¢"]",
where
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cr=|cy vr = |y q= o (2)
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Regarding the notationy is used to describe the posi-
tion of the camera center (poi6tin Fig. 1) expressed
in the F'-system. Furthermore, the accelerometer,
and the gyroscopey,, readings are considered to be
input variablesy, i.e.,

system (the rotation of the earth is ignored),
which is fixed to earth. The navigation will be
performed in this system. Furthermore, the scene
model is given in this system.

(2) Camera (C): This coordinate system is attached
to the camera and hence it is moving with the
camera. Its origin is located in the camera center.

(3) Image (I): The image is projected into this co-
ordinate system, which is located at the principal
point.

These three coordinate systems are illustrated in
Fig. 1. Furthermore, a fourth coordinate system, the

Fig. 1. lllustration of the different coordinate systems
and how they are related. Poifitis the position
of the camera (optical center) and poifitis
the position of a certain static feature in the real
scene.

sensor system, is used. This is the coordinate system
in which the inertial measurements are obtained. It
is not discussed in this paper, which implies that a
somewhat unrealistic assumption is used, namely that
the inertial sensors are placed in the camera center.
However, everything discussed in this paper can rather
straightforwardly be adapted to the fact that the sensor
coordinate system is present as well.

2.2 Position

The position of the camera is given by the position
of the camera center (poir® in Fig. 1). The ac-
celerometers measures the inertial forces w.r.t. an in-
ertial system (thd’-system in this work). Hence, the
accelerometers will measure the difference between



the acceleration of the camera;, and the gravity  Another commonly used parameterization is the Euler
vector,g;. However, since the accelerometers are at- angles. The advantage of this parameterization is that
tached to the camera (strapdown inertial system) theit only requires three parameters, but the dynamics is
measurements will be resolved in the camera coordi-nonlinear and it is a singular, non-global representa-
nate system, according to tion. According to the authors the best trade-off for pa-
ac = Reylay — gy), (4) rameter_izing the rotation group i_s provided by the unit
. . ) . guaternion. Hence, all computations are performed us-
where R, is a rotation matrix which rotates vectors jnq it quaternions. However, when the orientation is
from the-system to the’-system. Notice thatthe ac-  yresented to the user Euler angles are used, since this

celerometer measurement can be modelled as a Meg54rameterization is easiest to interpret and visualize.
surement signal (Rehbinder and Hu, 2004)= a.,

or as an input signaly = a., (common in the air- A good account of the twelve most common rotation
craftindustry). In this work the accelerometer signal is parameterizations is given in (Shuster, 1993). Further-
modeled as an input signal, in order to avoid additional more, (Shoemake, 1985) provides some good intuition
states. However, by including the acceleration and theregarding the unit quaternions. The dynamic equation
angular velocity in the state vector the acceleration for the quaternions is

and angular velocity can be modeled by shaping the i

process noises for these states. The dynamic motion 4(t) = 59(‘*’)‘1(’5)’ @)
model is according to Newton’s second law a double
integration of the measured acceleration:

where

0 —wy —wy —w,

¢r =y, (5a) Qw) = wry 0 w; —wy )
0 = Rycac + gy. (5b) W)= wy —w,; 0 wy
By assuming that the input signal is piecewise con- Wy wy —we 0
stant it is straightforward to derive a discrete-time The quaternion has to be normalized, i.e.,
version of (5).
g" (H)a(t) =1, )
) ) in order to represent an orientation. By invoking the
2.3 Orientation assumption that the angular velocity is constant be-

tween the sampling instants the rotation ve¢taan

Finding a suitable representation for the orientation of be defined as

a rigid body in 3D is a more intricate problem than

one might first guess. In Section 2.2 rotation matrices 0 = wiTs, (10)
(commonly referred to as Direction Cosine Matrices 5nq under this assumption it can be shown that the
(DCM)) were used to describe rotations. These matri- ¢, tion to ) is

ces belong to a group called SO(3), defined by

= A(f 11
SO(3) = {R € R**3: RRT = I,det R = +1}. @1 = AB)ar, 1)
(6) whereA(#) can be shown to be
The name SO stands fepecial orthogonal due to sin(]|6]|/2)
the constraints (6) (Murragt al, 1994). Hence, the A(0) = cos(]|0]]/2) 14 + WQ(G)- (12)

most natural description to use is DCM. However,
this description has some problems, since it requires
six parameters and since it is hard to enforce the or-
thogonality condition. It has been shown that five is

the minimum number of parameters that have to be - )
used in order to parameterize the rotation group in izing the estimate. However, the best would of course

such a way that a global description, without singular be if an estimator could be derived that delivered esti-

points is obtained (Hopf, 1940: Stuelpnagel, 1964). mates, W_hich inherently (_axisted on th_e manifold. The
However, the dynamics for this parameterization is Problemis thatthe resulting problem is nonconvex.
quite complicated, which implies that it is not used.
Using four parameters, unit quaternidngo describe
the orientation provides the best alternative, since it is
a representation that is nonsingular and the dynamic
is linear (bilinear if the angular velocity is modelled
as a state variable) in the states. The downside is
that the unit constraint has to be maintained and that
the parameterization is non-global. However, this non- yr = h(xe, es,t), (13)

global property will not be a problem in practice. paye 1o be derived. These equations should describe
the relationship between the state variable,and

1 Another name for the unit quaternion is Euler-Rodrigues sym the 'nforma“(_)n ava"abl_e in the images. In the sub-
metric parameters, or Euler symmetric parameters (Shu€es). sequent sections two different approaches on how to

Care has to be taken when estimating the orientation,
since the set of all rotations, SO(3) is not a vector
space, but rather a manifold, due to the constraint (6).
Using quaternions this is handled simply by normal-

3. USING VISION AS A SENSOR

Sn order to be able to incorporate the information
available in the image sequence into the estimation
problem measurement equations




derive these equations are discussed. Since a singla&vherev = p. Differentiating (14) gives
image contains large amounts of information the most _ iz — 15 _ Uz — vy
essential information has to be efficiently recovered. i = 22 vi =f
The approach using in this work is to extract fea- Inserting (14) and (17) in (18) gives

tures from the images. In the computer vision liter- )

ature animage featureis any structural feature that ;, — %%, ¢(q 4 %)wy ¥y, + M7

(18)

22

can _be extracted from the image. The idea of_ using f &
inertial sensors and features extracted from the images iR &4,
have previously been exploited e.g., in (Rehbinder and (19a)
Ghosh, 2003; Jianegt al.,, 2004). _ %2 T3y — fvy + yivs
yz:f(l‘i’ﬁ)wz* f wy*xiwz“i’iv
%Z,_,
3.1 Camera Model ViR yer
(19b)

A camera is a device that provides two dimensional where the velocity has been split into one rotational
projections of a three dimensional real scene. The part (indicated with subscrift), and one translational
camera model describes this projection in mathemati-part (indicated with subscrigf). It is impossible to
cal terms. Hence, the camera model is most essentialise (19) to gain perfect information about the present
in forming the measurement equations. The cameraposition and orientation of the camera, which has
model used in this work is thginhole mode(Hartley previously been discussed in i.e., (Yetial, 1999;

and Zisserman, 2003), Matthieset al,, 1988; Longuet-Higgins and Prazdny,
1980). However, in combination with the other sensors
T J— T 1
[zi, yi|" = [fz/z, fy/=]", (14) these equations will help in the task of finding the

wherel[z;, y;]” are the coordinates for the feature in POSsition and orientation of the camera. Gyroscopes

the image coordinate system, see Fig. 1. Furthermoreprovide measurements of the angular velocityand

[z, y, z]T is the corresponding position in the real hence the rotational terms in (19) can be considered to

scene andf is the focal length. The model (14) is be known (with a certain degree of uncertainty).

simply a way to state that two objects lying on the 1he measurements are the projection of the features in

same ray will be_prOjecteq onto the same po_|nt in _the the image plane, i.e.,

image plane. This model is used due to its simplicity. i

However, all equations derived in this paper can t_)e Y = [T/;] +el, j=1,...,N, (20)

extended to more advanced camera models including ;

parameters for optical distortion etc. For more de- whereN is the number of features, andhe measure-

tails on different camera models the reader is referredment noise. However, since (19) is used the measure-

to (Hartley and Zisserman, 2003). ment equations will be implicit, i.e., the measurement
equations will not be in the form (13), but rather in the
following form:

3.2 Two Dimensional Feature Displacements 0 = h(ys, yi_1, 1, €1, 1) (21)

K2

The goal of this section is to derive a measurement | "€r€ is one problem with the derived measurement

equation using the fact that an observed movement Ofeql?ations, theh.depth linformatiOznof tkTe feature is
a static feature in the image can be directly related to aStill Present. This problem can be tackled in numerous
movement of the camera. This measurement equationV@yS: The first idea that comes to mind is to extend

can then be used within the Kalman filtering frame- € State vector with the depth statési = 1,..., N.
work. The derivation starts with the simple fact that, " (Davison, 2003) an algorithm similar to the particle
filter is used to estimate the depths. Alternatively,

r=r&0=r+ze, + ye, + ze,, (15) the depths can be thought of asisancevariables
which should be eliminated. Substitutindgrom (19a)

where ther-vector, defined in Fig. 1, has been ex- . .
into (19b) gives

pressed in two different coordinate systems, the rotat-
ing C-system and the fixed feature system. Differenti- Yi —Yir _ —fuy +yive (22)
ating (15) w.r.t. time gives T —Zip  —fus+ 0,
0=1+de, + e, + e, +vé, + yé, + zé.. which_ is the_result?ng one—dimensionql measurement
(16) equation. It is straightforward to rewrite (22) on the
form (21), using the Euler approximation for the dif-
From Fig. 1;+ = p — s = p, which together with the  forential operator, according to

fact thatze, + yeé, + zé, = w X r gives
‘ Y : (= fvet + Tigvat) = —foy e+ Tigvae,  (23)
_ where
Y= —Tw, + 2wz — Uy, (17b) Wit — Vi ) Tiy — Tigo1 -
2= —ywy + Twy — Vs, (17¢) at = (T - y"vR)/(T — &i,R)-

T = —2wy + Yw, — Uy, (17a)



Finally (23) can be written
[—fou [ (owwis —yis)] vy =0. (24)
Ct

This is the resulting measurement equation for two
dimensional feature displacement.

3.3 Three Dimensional Features and Model

The vision system delivers a list d¥ feature coor-
dinates in the image plan¢s;,y/}’, and the cor-
responding positions}s; = [s;.x, Sj.y, $j.2)} 11, I

the real scene. This position is obtained from a three
dimensional model of the world in which the camerais
moving. This model is generated off-line. Intuitively,
this information should provide valuable information

for estimating the camera pose. Using (14) and Fig. 1
gives

[xia yi]T = [frc,x/rc,z; frc,y/rc,z]Ta (25)
wherer, is the vector from the camera center to the
current feature. Fig. 1 also reveals that

rc:Rcf(Cffo). (26)

300 400 500 600 700 800

) o . Fig. 2. Two images from the video stream used to
The resulting measurement equation is found by using ~ optain the vision measurements. Furthermore,
the idea from the previous section, i.e., writing the several 2D features have been indicated in the
measur_ement equation in the implicit form (21). This images. The camera has been rotated 10 degrees
results in from the upper to the lower image.
Tesi = [fTe, o : : . :
0= [rc yl, — frc x] +e (@7) estimation problem using the ideas discussed in Sec-
c,zY1 c,y

tion 3.
which simply corresponds to multiplying (25) with

r. .. Similar ideas have been presentedin e.g., (Davisohe next step is to use authentic inertial and vision
2003). The difference is that in this work an off-line measurements, which will be provided by our partners
model of the real scene is used in combination with at BBC R&D in London. They have a positioning
information from inertial sensors. Hence, the costly System installed in their studio (referred to as free-
procedure of preparing the environment with artificial D (Thomaset al, 1997)), providing the true pose,
markers is not necessary. Furthermore, the informa-Which can be used to assess the estimation perfor-
tion from the inertial sensors is obtained at a higher mance. The authors are currently working together
frequency than the vision measurements and will be with Xsens (Xsens, 2005) on using the idea presented
especially helpful during fast maneuvers. in Section 3.3. The preliminary results looks promis-
ing.

4. ILLUSTRATIONS

In order to evaluate the ideas proposed in this paper a 5. CONCLUSIONS

virtual environment, briefly described in this section,

is used. More specifically a three dimensional model This paper propose a filtering approach for estimat-
of a car is used. Fig. 2 provides two images from ing the position and orientation of a camera in three
the video sequence. The car is standing still and thedimensions. The underlying idea of supporting iner-
camerais moving around the car in such a way that thetial sensors using additional sensors has previously
camera is always facing the car. Since the true positionbeen successfully used for instance within the aircraft
and orientation of the camera is known, the accelera-industry. The difference is that in this work vision
tion and angular velocity can be calculated. Using this is used, instead of for instance terrain elevation data
the inertial measurements can be simulated, simply bybases, to support the dead-reckoning of the inertial
adding the proper noise to the true accelerations andsensor information. Furthermore, two different strate-
angular velocities. Furthermore, the 3D model of the gies regarding the process of incorporating vision
car provides an image sequence from which featuresmeasurementsin the Kalman filtering framework were
can be extracted. These features will constitute thediscussed. Finally, some brief illustrations on how to
vision measurements, which will be included in the evaluate these ideas were given.
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