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Abstract—A common prerequisite for many vision-based inertia sensor information [13].
driver assistance systems is the knowledge of the vehicle's own |n this work we estimate the relative displacement between
movement. In this paper we propose a novel approach for esti- v, consecutive camera positions using stereo sequences

mating the egomotion of the vehicle from a sequence of stereo tured i b . ts. Such data i iall
images. Our method is directly based on the trifocal geometry C@PIUIEC 1N urban environments. such data IS especially

between image triples, thus no time expensive recovery of the challenging due to the presence of independently moving
3-dimensional scene structure is needed. The only assumption objects, which violate the static world assumption. To deal
we méllke is a knOWTtW_ camvevra geolmetry, \I';/herte (:hg_ calibrF.)ati'ortw with outliers a rejection step based on random sampling is
may also vary over time. We employ an Iterated Sigma Poin

Kalman Filter in combination with a RANSAC-based outlier proposqd ahd ev.aluated' The 6 degrges of freedom (6DoF)
rejection scheme which vyields robust frame-to-frame motion egomotl.o_n IS e_stlmateq merely from image measurements.
estimation even in dynamic environments. A high-accuracy NO additional information such as odometry data or GPS
inertial navigation system is used to evaluate our results on information is used as in [1] or [7]. Furthermore we do
challenging real-world video sequences. Experiments show that not restrict the degrees of freedom by using a special

our approach is clearly superior compared to other ltering  (nonholonomic) motion model, making our approach widely
techniques in terms of both, accuracy and run-time. applicable

I. INTRODUCTION A. Related Work

The estimation of the movement of a camera, especially In recent years many algorithms for visual odometry
a stereo-camera rig, is an important task in robotics arfthve been developed, which can roughly be devised into
advanced driver assistance systems. It is also a prerequidite categories, hamely methods using monoscopic cameras
for many applications like obstacle detection, autonomou®.g., [25]) or methods using stereo rigs. These approaches
driving, simultaneous localization and mapping (SLAAf)dd can be further separated into methods which either use
many other tasks. For all of these applications, the relatiieature matching (e.g., [13], [23], [24]) between consecutive
orientation of the current camera frame with respect tonages or feature tracking over a sequence of images (e.g.,
the previous camera frame or a static reference frame [ig], [2], [14]). If a calibrated multi-ocular camera setup is
needed. Often, this localization task is performed usingvailable, the 3-dimensional scene can be reconstructed via
imprecise wheel speed sensors andrtial measurement triangulation. Based on the point clouds of the static scene
units (IMUs) [13] or expensive high-accuracy IMUs. Inin two consecutive images, the iterated closest point (ICP)
recent years, camera systems became cheaper, more compirithm is often used for egomotion estimation as described
and the computational power even on standard PC hardwane[17]. Monocular cameras mainly require tracking image
increased dramatically. This is why high resolution imagefeatures (e.g. corners) over a certain number of images. Using
can be provided at high frame rates and processed in re#itese feature tracks, also the scene structure can be computed
time. The information given by such images sufces forusing structure from motion [18]. In most cases, the multi-
precise motion estimation based on visual information [1Jpcular algorithms yield better performances than monocular
calledvisual odometry(e.g., Nisér et. al. [18]). approaches [4]. Additionaly, if multi-camera approaches are
Compared to other sensors, visual odometry promises seveuakd, the scale ambiguity present in the monocular case is
advantages: One main advantage of visual odomentry is teéminated [1]. Further approaches combine visual odometry
high accuracy compared to wheel speed sensors. Especialligh other sensors to increase the accuracy of the results and
in slippery terrain where wheel speed sensors often yielgduce drift, a problem inherent to all incremental positioning
wrong motion estimates, visual odometry is more precismethods. While Dornhege et. al. [7] additionally make use
[12]. Other approaches use GPS sensors or IMUs to mitigaté an IMU, Agrawal et. al. (e.g., [1], [3], [2]) use GPS and
this effect. Drawbacks of GPS- or IMU-based approaches avgheel encoders, thus fusing a wide variety of sensor types
the low accuracy and the high sensor costs respectively. Tfa optimal performance. Clearly, the use of GPS information
local drift rates given by visual odometry are mostly smallelimits drift due to the system's global nature. Furthermore,
than the drift rates given by IMUs except for expensive highapproaches making assumptions about the observer's motion
accuracy hardware which fuses GPS-measurements whhve been developed. For example, Scaramuzza et. al. [19]



use nonholonomic constraints of wheeled vehicles in order
to reduce the motion model's parameter space.

Compared to the method proposed by [2], where a visual
odometry algorithm based on bundle adjustment [8] is com-
bined with IMU and GPS data, the focus of our approach
lies on estimating the motion solely based on visual inputs.
Because of the higher computational complexity of bundlg %
adjustment compared to frame-to-frame motion estimation™

we employ the latter method. Our visual odometry algorithm \

is brie y summarized in the next section. Co

Fig. 1: Relationship between corresponding points in three
images. This gure depicts the point-line-point transfer
We propose an algorithm for egomotion estimatiorwhich maps a given point correspondencg $ Xg into

in all six degrees of freedom using a fully calibratedthe third image, assuming that the trifocal ten$obetween
stereo-camera rig, i.e. the intrinsic as well as the extrinsithe three images is known.

calibration parameters are given. It is noteworthy, that the

calibration is not assumed to be xed over the sequence,

such that the proposed approach can also be applied ttee camera coordinateX ¢ and the homogeneous image
active stereo-camera rigs. coordinatese can be described as follows [11]:

In a rst step, we extract and match corner-like image T
features between two consecutive stereo image pairs. Based e=(uviw) =K Xc @)

on these feature correspondences, the egomotion of thg e (:) denotes homogeneous notation. In general, the
vehicle is estimated using the trifocal tensor which relatesymera coordinate frame and the world coordinate frame
features between three images of the same static scefga not aligned, but the two coordinate frames are related
A similar approach is introduced by Yu et. al. [26] usingyia a translation vectot and a rotation matrixR, the

a monocular camera. We extend this approach to stergQirinsic calibration of the camera. Given a 3-dimensional

camera rigs to gain robustness and avoid scale ambigw%intxw = (Xw: Yw 'ZW)T in the world reference frame
Furthermore we use alterated Sigma Point Kalman Filter 4 corresponding poin¢ ¢ = (Xc'Yc'Zc)T in the camera

(ISPKF)to cope with the non-linearities in the measurement,q qinate frame is computed via:
equation. Outliers are detected via mndom sample
consensus (RANSA®psed outlier rejection scheme [19]. Xc=R Xw+t 2

This procedure guarantees, that outliers which stem fro - . . .
false matches or features located on independently movi @ombmmg equations (1) and (2) the mapping of a 3d object

ing. . X .
objects are rejected prior to the nal motion estimationp%mt onto the image plane is described as

step. Thus our algorithm can also be deployed in dynamic e=P Xy (3)
environments. We do not require tracked image features o o )

over multiple frames. Instead feature matches betwedW'€r€P =K Rjt isa3 4 projection matrix [11]
cons_e_cutive ster_eq_imag_e frames are s_ufcient, hence_ n@t Relationship between three Images

requiring any reinitialization procedure like most tracking
approaches [26].

B. System Overview

The3 3 3trifocal tensorT describes the relationship
between three images of the same static scene. It encapsula-
The remainder of this paper is organized as foIIowst.eS the'prOjectlve geometry between the different viewpoints

d is independent from the structure of the scene.

Section Il describes our camera model and the relatio — acti i f the th .
between point correspondences in image triples. In Secti owing the projection matrices of the three cameras, 1.e.
= Ka Rajta ,Pg = Kg Rgjtg andPc =

Il the proposed approach is introduced. Experimenta[® ~— ™/ . . .
results of the proposed method using image sequences® Rejtc . the entries of the trifocal tensor are given by

captured in urban environments are given in Section IV. We 0 al 1
close the paper with a short conclusion and an outlook on T =( 1)”1 det@ pa A | (4)
future work. cf

Il. GEOMETRY OFIMAGE TRIPLES where a' denotes matrixP, without rowi andb® and

c" represent tha-th row of Pg and ther-th row of P¢
respectively [11].

This section describes the camera model used in thdéere, we make use of the trifocal tensor's ability to map two
proposed approach. corresponding feature poinisy $ xg in imagesA andB
Let K be the3 3 calibration matrix which encapsulatesinto imageC. Figure 1 illustrates this procedure graphically:
the intrinsic parameters of the camera. The mapping betwedm arbitrary image linég through pointx g is projected into

A. Camera Model



HereV; and! ; denote translational and rotational velocities,
respectively. Given the egomotion and the time difference
the translation and rotation are thus given by:

t=(W T:W% T;vz T @)
R(!'z T;!x Ty T) 8)

B. Trifocal Constraints for Visual Odometry
Figure 2 shows that the projection matrices of the four
cameras can be computed if the intrinsic and extrinsic
. calibration of the cameras and the egomotion is known.
= Without loss of generality, the camera coordinate frame of

Fig. 2: This gure depicts the con guration of the camerasthe previous right camera is aligned with the world reference
of a stereo at two consecutive time steps, including thﬁamePR;k = Kg 1jO . The remaining projection matrices

geometric relations between the images. are de ned as follows:

Pk = KL Recite %)
3d space. Pe. =K Rnit 10
Given both, the lindg and the trifocal tensof , the point R+t R RItR (10)
X¢ in image C which corresponds to the point correspon- Pik+s1 = KL Ryjtp (11)

dencexa $ xg inthe rst two images is given by Herek describes the discrete time step at which the images

xé = xk I; TiJk . (5) were captured. Using the projection matrices parameterized
as above, two trifocal tensors can be determined. One which
relates the previous image pair to the current right frame and
one which relates the previous image pair to the current left

The following section details the application of this relation
ship to egomotion estimation.

I1l. K ALMAN FILTER BASED VISUAL ODOMETRY frame. By equation (4) we have:
Estim.ating the camera motion at gach timg step is perfpr— TR = T(Kr;KL;Rcitc;RRr tr; T) (12)
med using two consecutive stereo image pairs. The motion
parameters are integrated temporally by means of an Iterated TL=T(Kg;Ki;Reite;RLt; ) (13)

Sigma Point Kalman Filter. , These two trifocal tensors depend on the motion of
Figure 2 shows the conguration of a stereo rig at Wone gtereo rig and the camera calibration. Using
consecutive steps in time. Depicted are the image plangfe trifocal tensors, a non-linear mapping of the
the camera coordinate frames and the orientations of the. . correspondencegx $ Xk into the current
cameras with respect to the previous right camera. Whi?nages via X1 — he (-l’-R;XR'k ‘xix) and
the pose of the previous left camera is given by the know;gL_k = h (TL ;;(R'k ‘X1 ) is de ned. ’ ’

extrinsic calibratiorf Rc; tc g of the stereo rig, the parame- pjgerent kinds of feature detectors and descriptors are
tersfRgr;trg andfR, ;t, g are de ned by the egomotion ,ssiple: Popular choices include Harris et. al. [10], Shi et.
and by a combination of extrinsic camera calibration and; [20] or local image descriptors like the SIFT descriptor
egomotion respectively. proposed by Lowe et. al. [16] or the SURF descriptor
A. Motion Parameterization proposed by Bay et. al. [5]. Those descriptors are highly

To parameterize motion, i.e. the spatial orientation og'St'nCt'Ve and thus allow robust matchings.

the camera coordinate frame related to the world reference
frame, we use the translation vector (tx ;ty ;tz)T and C. Bucketing

the rotation matribR ( ; ;) . The rotation of the camera is In a rst step, we detect and match image features in

%Gth stereo pairs. Afterwards a subset is chosen by means
of bucketing [27]: The image is divided into several non-
overlapping rectangles (see gure 3). In every bucket we
R(: :)= Rz() Rx() Ry() (6) keep a maximal number of feature points. This bene ts in

] . several ways. First, the smaller number of features reduces
The spatial motion, reprgsented by. and R, ¢an  the computational complexity of the algorithm which is an
be computed for every time step if the egomotionmportant prerequisite for real time applications. Second, this

(Vi Vv iVzit iyt z) of the stereo rig and the time technique guarantees that the used image features are well
difference T between two consecutive frames is knowngistriputed along the-axis, i.e. the roll-axis of the vehicle.

1The world reference frame is shifted in every time step. Hence it alwath's_turns out to be |mport_qnt for a gooq e.St'mat'.on of
aligns with the camera coordinate frame of the previous right image.  the linear and angluar velocities. The distribution of image

around the three axis of the world reference franie this
work we de ne the rotation as follows:



Fig. 3: This gure depicts the results of our bucketing mechanism: The green rectangle de nes the region of interest in

which features are selected, the yellow lines depict individual buckets. All crosses represent matches found in both stereo

image pairs, red crosses denote the selected, blue crosses denote the rejected features.

features along the-axis ensures that far as well as neaego-vehicle, a Kalman Filter is used for Itering, as outlined
features are used for the estimation process. This resultsimthe following section.

a precise estimation of the overall egomotion of the vehickg Kalman Filterin

Third, the used image features are uniformly distributed over 9

the whole image. This benets twice: In dynamic scenes The Kalman Filter is a two-step estimator making use of
where most of the detected features lie on independeni®yprediction step and an update step. It is used to estimate
moving objects, our technique guarantees that not all imag@e current state of a dynamic system, which is assumed
features fall on independently moving objects but also on tH€ be disturbed by zero-mean white noise. To estimate the
static background. Second, the bucketing reduces the dripstantaneous state, disturbed measurements are used. It is
rates of the approach_ In our experiments with Simu|ate@SSUmed, that the measurements and the state are related
data we observed, that high drift rates follow from biasedia a linear transform. It is also assumed that the given

scene points. This effect is mitigated by the use of bucketingleasurements are disturbed by zero-mean white noise [9].
In our case, the relations between the instantaneousystate

(Mx sV Vzi by by z)T and the measurements, i.e. the
D. RANSAC based outlier rejection relations between the egomotion and the feature positions in

The remaining feature points located on independentlthe current frames, given BYrc+1 = e (Tri X R XLk )

moing ojects are reected using RANSAC based o *i = (1 e ) [esbectel. e o
rejection: We randomly choose subsets of feature correspon--" P q 9 y

dences and estimate the egomotion based on this subsets, Virr = (Vi) + Wy (15)
whereas the number of used subsets is given by
Zi+1 = h(Yk+1) + Vi (16)
_ _ log(1 p) 14)  wh < th ‘th :
Tiog@ @ )Y where yy is the state of the system at time stép
f (:) is the non-linear system equatioh(:) is the

Here s is the minimum number of data points needed fonon-linear measurement equation described above.
estimation, p is the probability that at least one samplezyss = [Urk+1:1;::75Vik +1:N ]T denotes the 4N -
contains inliers solely and de nes the assumed percentagedimensional measurement vector amc N (0;Qk)

of outliers in the data set [6]. Because of the low numbeand vi.; N (0;Rk+1) are the system noise and the
of data points § = 3) necessary for motion estimation, themeasurement noise respectively, which are assumed to be
number of samples is low even with a serious number afncorrelated. Here thé 6 matrix Qx and thedN 4N
outliers. After the Kalman Filter converges, we compute alliagonal matrixRy+1; denote the state and measurement
inliers using the Euclidean reprojection error. A feature igrror covariance matrices respectively [21], edddenotes
considered as an inlier, if the Euclidean reprojection errahe number of feature correspondences used for Itering.

is lower than a certain threshold. A nal estimation steplo use Kalman Filters for non-linear problems, linearization
with all inliers of the best sample is performed to give thearound the current state is often performed using a rst order
nal egomotion estimate. The proposed bucketing technigu@aylor-approximation. This yields th&xtended Kalman
combined with the RANSAC based outlier rejection schemeilter (EKF). To reduce the approximation error caused
yields a robust egomotion estimation even in the presence loj Taylor approximation, the update step is often iterated.
independently moving objects. In such casesh(:) is linearized around the estimated
To integrate information about the dynamic behaviour of thetate of the current iteration. Repeating this step yields



: ISPKF | I[EKF | UKF | EKF
the well-known Iterated Extended Kalman Filter (IEKF) nositioning error 235 343 [ 335 11059

In general, the iteration process is abandoned if any standard deviation  15.8 156 | 1590 | 318
prede ned termination criteria is ful lled. In our case of
highly non-linear equations the results Bxtended Kalman

TABLE I: Average positioning error and standard deviation

Filters are mostly poor. The reason for this is that the usegn. me‘;g;fs) attthg ert O(; the sequences ﬁccurlng flrom ti”ﬁf
Taylor-approximation is only a rst order approximation.USIng iiterent simulated sequences each over a length o

A better choice in such cases is the usage of Kalma%ooom'
Filters based on th&nscented Transform (UTR2]. Such

Iters propagate mean and covariance based on sigma ) . :
points. Their estimates are mostly better than estimates ggmaximum speed of 17m/s in our real world experiments,

Extended Kalman Filterbecause the unscented transformgcale invariant features bene t especially in those situations.
incorporates information about higher order moments in thgompared to the avlerage I||near movemehnts of about 1m/s
estimation process. Examples for Iters propagating meaffPorted by Agrawal et. al. (e.g., [1]) the speed in our

and covariance based on sigma points are Wmscented ©XPeriments is signicantly higher.

Kalman Filter (UKF) [15] or the Iterated Sigma Point A Comparison with other Filtering Techniques

Kalman Filter (ISPKF)[21]. See [22], [21] for more details ) o _
on Kalman Filtering techniques. Because of the non-linearities in the measurement equati-

In the prediction step of the proposed algorithm we assunfd W€ compared a variety of other ltering techniques in our
constant velocity between consecutive time steps, so tA@Proach: We evaluated thinscented Kalman Filter (UKF)

system equation simplies toyxss = yx + wy. This Proposed by [15], théExtended Kalman Filter (EKFpand

assumption is nearly ful lled if the camera provides image§he Iterated Extended Kalman Filter (IEKF)I'he evaluation

with a fairly high frame-rate. Even if this assumption isV@S perfomed on different simulated data sets. Each of

violated (e.g. in the case of acceleration, deceleration Sf€M consisting of 2000 frames and 40 scene points without
turns), the update step guarantees reliable motion estimatiGitliers, which are investigated in the next section. The

In our case, the measurements are the features in the curr@}grage linear motion used for this experiments was 10m/s.

images. For every feature correspondence in the previol§€ measurements were disturbed by zero-mean Gaussion

image pair the expected coordinates in the current imagB9iS€ With a standard deviation of 0.7 pixels. The results
are predicted. Given the measured point correspondenc@5,/SPKF IEKF and UKF are similar to the ground truth.

the system equation and the measurement equation, KalnfaRWever, the result of theeKF is considerably worse,
Filtering can be performed. because this type of Iter cannot cope well with the non-

linear measurement equation. A detailed analysis between

Besides the reduction in linearization error, the ISpKgne different ltering techniques is shown in table I. While
has another bene t compared to EKF based ltering. In ouf"® ISPKF, I[EKF and UKF perform similar with respect to
experiments, the convergence of the ISPKF is approximatefifit errors, we prefer using the ISPKF due to considerably
60 times faster than the convergence of the IEKF, withodpwer run-times, which are further analyzed in section IV-B.
the need fqr analyticgl derivatives. In average, the ISPKF Convergence Analysis

converges in three iterations, whereas the IEKF needs .

about 200 iteration for convergence to the same solution. A FOr performance analysis, we compared the number of
detailed analysis of the convergence between those Iteririfgrations for the ISPKF and the IEKF using different ter-

techniques for different termination thresholds is given ifnination thresholds. Therefore, we used different simulated
section IV-B. data sets, each consisting of 1000 frames. In each frame

40 scene points were used for egomotion estimation. The
IV. EXPERIMENTAL RESULTS measurements were disturbed by Gaussian noise with no

For our experiments we used simulated as well as real ddytliers. The number of iterations until convergence is nearly

; 1 -
sets. The real data sets were captured from our experimerifiependent for the ISPKF (thresh&ld0 * ! 3iterations,

s oliivl
vehicle, equipped with a stereo camera rig and a higWr(_ashold.lo_ I 4 |terat|ons),_ for the IEKF thel number
accuracy inertial navigation system which combines inertigl! itérations increases Sdramaugally (threshold = ! 4

measurements with a GPS-receiver and wheel speed sendifétions, thresholdlO ®! 464 iterations) when reducing

for measuring motion, pose and orientation of the vehicléh€ threshold.

Therefore, the INS yields a good reference for the Iineaé_ Analysis of the Outlier Rejection Scheme

motion along the roll-axis and the yaw-rate of the car. In _ o

the following, the INS trajectories are used as ground truth 10 @nalyze the bene ts of our outlier rejection scheme,
for our experiments. As features we used Harris comers W€ created different simulated data sets, each @i
combination with block matching on the image derivativesoutliers. Using these data sets we performed ISPKF based

for ef ciency reasons. However, also other features can be, _ -
The threshold means, that every parameter in the estimation vector

equa”y employed: With similar resu“§’ we also tried SURFchange less than this threshold between two iterations. The unit is m/s for
features [5]. Because of the average linear speed of 7m/s ahé linear velocities and/s for the angular velocities, respectively.



soor and speed can be seen in gure 5. Especially the parking

700 sequence shown in gure 5a is challenging because of the
360 turn during the parking maneuver. As depicted, the
trajectory before the parking procedure is closely aligned
with the trajectory after the parking procedure. The estimated
trajectories are similar to the trajectories given by the INS.
The occuring drift which is an inherent drawback of all local
approaches is comparatively small.

600
500
400+

2001 V. CONCLUSIONS ANDFUTURE WORKS

100 In this paper we presented an approach for estimating

the 6DoF egomotion of a stereo camera rig based on
corresponding image features. The proposed approach is
+100 ¢ based on the trifocal geometry between image triples.
Therefore no reconstruction of the 3d object points is

) ) ) ) ) required. The algorithm neither needs a rectied stereo-
Fig. 4: This gure depicts the trajectories of the approackamera rig nor a time consuming preprocessing recti cation

with and without the proposed outlier rejection. The trajectopf the captured images. Merely, the intrinsic and extrinsic
ry with activated outlier rejection (blue) is very similar to thecgjibration of the cameras need to be known.
ground truth (red). Without outlier rejection, the trajectoryrhe experimental results show, that the proposed algorithm
(green) differs signi cantly from the ground truth. yields a good estimate of the egomotion in urban
environments compared to the high accuracy INS. Because
of the iteration in the update step of the Kalman Filter,
egomotion estimation with and without outlier rejectioneffects of non-linearity are dealt with in a principal way
The remaining parameters are the same for both lters, tl"mjring the estimation process.
termination threshold for the iteration was set10 3 (ln The main nove|ty of the proposed approach is the usage of
m/s and /s respectively). The results for one of the datahe trifocal tensor between image triplets in combination
sets with an average linear motion d@m=s consisting of \ith a RANSAC based outlier rejection scheme. This allows
2000 frames is shown in gure 4. The positioning errormotion estimation based on measurements in the images
at the end of the trajectory with activated outlier rejectiofyithout recovering the 3d scene structure. Recovering of the
is 24:29m, corresponding to approximately:3% of the scene structure based on the disparity is — especially for far
travelled distance. In contrast, the tra.jectory without Outlieécene points — unreliable because depth accuracy decreases
rejection differs signi cantly from the ground truth. with distance. The bucketing technique yields a good
distribution of feature points over the image, guaranteeing
that the majority of the features lie on the static background
Since we focus on real-time applications, we evaluated thg the scene and not on independently moving objects on
possible frame rates for the egomotion estimation. TherefofRe one hand. On the other hand a uniform distribution of
we used a simulated dataset consisting of 1000 frames. Thfs features along the roll-axis is present. This results in a
average number of frames per second (fps) of the egomotighecise estimation of the linear and angular velocities. The
algorithm depending on the number of used image featurgeANSAC based outlier rejection scheme sorts out remaining
is given in table Il. As threshold for the termination Criterionfeatures on independenﬂy moving Objects prior to the nal
we used0:001 for all parameters of the motion estimate. estimation process. Taken together, this yields an accurate
egomotion estimation, even in dynamic environments.

ot

*1000 *800 *600 *400 *200 0 200

D. Runtime Evaluation

features| 10 | 20 | 30 | 40 | 50 | 60 | 70 | 80
fps 27 20| 15| 10| 8 6 5 4

To improve the proposed approach we are working on
TABLE II: Average number of frames per second which cary petter model of the system, which accounts for the
be processed by the proposed algorithm depending on thgnamic behaviour of the vehicle more precisely than the
number of used image features. constant velocity assumption in the presented approach. We
also try to estimate the mechanical parameters involved
) in the dynamic behaviour of the vehicle jointly with the
E. Real-World Experiments motion parameters in our future research.

For our real-world experiments we captured different
image sequences in urban environments with high traf c.
An example image (at a resolution @844 391 pixels) The authors gratefully acknowledge the contribution of the
is depicted in gure 3. The stereo camera rig was mouncerman collaborative research center on Cognitive Automo-
ted on top of the vehicle with a base line 6ffm. The biles (SFB/Tr28), granted by Deutsche Forschungsgemein-
results for three challenging data sets with different lengthchatft.
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(a) Driven path for a sequence with 1200 frames.

(b) Driven path for a sequence with 1200 frames.

Fig. 5: This gure depicts the results of the proposed egomotion estimation (blue), compared to the trajectory given by the
inertial-measurement-unit (red) for different challenging sequences in urban environments (image source: GoogleEarth).
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