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Chapterr 2 

Egomotionn Estimation 

submitfu!submitfu!11 to IEEE Tiunsnc.timiN on InUtJUqent Tmnspo rial ion S'ysftnus. 

2.11 Introduction 

Computerr vision systems are often used for autonomous vehicle guidance [3], With one 
orr more cameras information about the static background and independently moving 
vehicless can be retrieved and interpreted. Handling the information usually consists of 
twoo steps. First the motion in the 2D image plane is estimated. For this task feature 
basedd tracking techniques are used or the optical How field is estimated. The next step 
iss to interpret this motion and estimate the motion of the other vehicles in the dynamic 
3D-world.. One important issue when dealing with mobile systems is that the egomotion 
off  the camera can seriously alfect the results of both steps. 

Egomotionn introduces motion components in the motion field observed in the image 
plane.. If we consider a camera that is looking in the driving direction, points belonging 
too a static background seem to originate from one point in the image plane (the so 
calledd Focus of Expansion). This motion held is easy to interpret. However, practical 
motionn fields deviate from ihis simple description. Additional motion components are 
inducedd by disturbances like e.g. small vibrations of the vehicle or steering actions. To 
enablee efficient tracking and accurate interpretation of the recordings of a camera, these 
disturbancess have to be taken into account. 

Inn tins chapter we present an approach that deals with egomotion estimation for 
practicall  applications. In case of mobile cameras in a dynamic environment, one observes 
pointss belonging to the static background and points belonging to other moving objects. 
Thee observed motion of background points is used as input for our algorithms. We assume 
thatt the position of other, independently moving objects around us is known from the 
trackingg algorithm in the application (chapter 4). Once these objects have been identified 
(chapterr 3), thev wil l be tracked in time so their position in the next frame will be known 
too.. Using the information about their position in the image plane, we can separate 

'Parrr of this work appeared in tin1 proceedings of (lic IEEE Intelligent Vehicles Symposium 2!JOU. pp. 
ijS-03.. and in tin.1 proceedings of the 1th IFAC' Symposium <m Intelligent Autonomous Vehicles. 2M01. 
pp.. Psl-lsei. 
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backgroundd points from object points. Notice that if the location of other vehicles is 
unknown,, vehicles niighi be separated from background based on their observed motion. 
Randomm sampling techniques such as RANSAC have been proposed for this problem 
[7][19], , 

Considerr the situation where observations are obtained from a vehicle driving on a 
highway.. Information about the environment is obtained by a single camera, looking 
throughh the windscreen of the ear. As the camera is attached to I he vehicle, the average 
anglee between viewing direction and motion direction is constant over time. The egomo-
tionn will therefore be predominantly translational. In practice, one has to allow lor small 
roll,, pitch and yaw components in the egomotion (see figure 2.1 for illustration). Roll and 
pitchh are mainly the result of irregularities in the road surface. Yaw can lie caused by 
smalll  steering actions of the driver. Small steering actions occur not only while following 
aa (generally smooth) curve in the road lint also in the situation of driving in a straight 
lane. . 

cameraa pitch camera yaw camera roll 

Figuree 2.1. Illustration of camera rotations roll, pitch and yaw. 

2.1.11 Related work 
Inn the past decade, there has been a considerable research effort on egomotion estimation. 
Iranii  [9] and Zhu [23] explain how difficult this problem still is nowadays. Egomotion 
estimationn requires information aboui the motion observed in the image plane. It is the 
highh sensitivity of the egomotion parameters for even small inaccuracy in the observations 
thatt troubles finding a solution for many practical applications ([4][15]). 

Egomotionn estimation methods can be divided into three groups: feature based 
techniques,, direct approaches and instantaneous approaches. Feature based approaches 
[18][2][22]]  use tracks of a small number of image features (points, lines, contours) as 
inputt for their motion estimation algorithm. This makes them efficient and already en-
abless real-time implementation nowadays. The difficulty with these approaches is that, 
especiallyy for outdoor applications, it can be difficult to find stable and accurate features 
inn the images. For our application the appearance of the background varies a lot. For 
example,, in case of a flat landscape with no trees only (inaccurately defined) line struc-
turess defined by the horizon or markers on the road might be available. In case a vehicle 
iss driving in front of the camera, the information about the horizon will not be available 
andd other features should be searched for. The varying nature of the background makes it 
difficultdifficult  to define image features that can accurately be estimated. Due to the sensitivity 
off  the egomotion estimation problem for inaccuracies in its input, heavy weight is put on 
additionall  temporal smoothing methods (motion filtering Techniques [23]). 
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Bothh instantaneous approaches and direct techniques gather information from all over 
thee image. In combination with confidence measures ([5]) large amounts of motion data is 
obii  ained from those parts in the image where e.g. the presence of texture enables accurate 
estimates.. An important advantage of these approaches over feature based techniques 
iss that a large amount of data can be employed to reduce estimation errors. A main 
disadvantagee is that real-time implementation is still hard to reach. 

Inn direct approaches [1][15] the motion is determined directly from the variations of 
imagee brightness patterns in a motion sequence, without explicitly estimating the flow 
field.. Although the theory of direct techniques seems promising, they still have serious 
difficultiess to establish stability in real-world applications. 

InstantaneousInstantaneous approaches are based on estimation of the optical flow field. Within 
instantaneouss approaches, an important group uses motion parallax. For example simple 
motionn parallax [13], affine motion parallax [11] or plane+parallax [10][9]. These meth-
odss exploit the fact that at depth discontinuities it is easy to distinguish between the 
effectss of camera rotations and camera translation. The observed motion of neighboring 
pixelss at different depths wil l have similar rotational components, but different transla-
tionall  components. One practical difficulty of simple motion parallax approaches is the 
requirementt for dense and accurate flow field estimations at depth changes. 

Plane+parallaxx approaches don't rely on parallax information at depth discontinu-
ities.. Initiall y these methods compute the 2D motion of a (dominant) image region where 
depthh variations are not significant. Based on this information one can remove all effects 
off  the camera rotations. From the residual parallax motion field information about the 
cameraa translation is obtained. However, within these approaches assumptions are put 
onn the scene structure that seem to be unfit, for our application. For example, for our 
applicationn we can't guarantee the typical requirement of the presence of a dominant 
planarr surface in the background, or a (observable) distant part of the background where 
itss depth changes don't play a role. 

Withinn our approach we divide the egomotion problem into two parts. We separate 
thee direction of the translational motion of the camera (the mean viewing direction) from 
itss small inter-frame rotations. The dynamical characteristics of these two parts differ a 
lot.. asking for different estimation approaches. Besides this, knowledge about, the mean 
viewingg direction, obtained in the first step, simplifies the estimation of the inter-frame 
rotations. . 

Forr many applications the mean viewing direction is almost constant and therefore 
onlyy needs to be estimated once in a while. This allows to use long image sequences 
enablingg proper temporal smoothing. Furthermore, it leaves room to reject unreliable es-
timates,, lessening the requirement of stability. The input for our algorithm can therefore 
bee provided by a (computational efficient) feature tracking technique. The estimation 
requiress a minimal number of two tracks. A confidence measure is suggested to ensure 
thee reliability of the estimation. This results in a robust and accurate estimation of the 
meann viewing direction of the camera. 

Knowledgee about the mean viewing direction is used to simplify the second part 
off  the egomotion estimation, i.e. the estimation of the (small) inter-frame rotations of 
thee camera. This part can only be based on a small number of images, which limits 
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thee possibilities for temporal motion filtering. Consequently, the solution becomes more 
sensitivee for inaccuracies in its input and we can no longer rely on only a small number 
off  tracks. Therefore, we base this part of the egomotion estimation problem on the 
opticall  flow field of background points. The redundancy in the estimated motion held 
iss exploited to achieve a robust estimation of the inter-frame rotations of the camera. 
Thee requirement of the optical flow field of background points leads to a computational 
expensivee solution of our problem. But it is the price we have to pay in order to achieve 
robustt results. 

Thiss chapter is organized as follows. We st art with I he estimation problem of t he mean 
viewingg direction of the camera. In section 2.3 we describe our approach for estimation 
off  the inter-frame rotations. Section 2.4 presents experimental results. This chapter is 
concludedd in section 2.5 with a discussion. 

2.22 The mean viewing direction 

II  he relation bel ween the viewing direction of the camera and the driving direction of the 
vehiclee is illustrated in figure 2.2. The viewing direction is defined by the angles [a, ,1. - . } . 
relativee to the driving direction. The camera is placed in such a way that the average 
valuee of 7, 7, equals 0. In general the camera(s) used will not be looking straight ahead. 
Forr example, when two cameras are used to meet the requirements to cover a wide angle 
off  view, these cameras will he placed under the angles +n and - a. The mean viewing 
anglee in horizontal direction. 7\. will in general be a (mechanically) fixed constant, but 
mightt not be known before hand. The mean viewing angle in vertical direction. .1 will 
bee more variable. The average value of this angle depends (e.g.) on the loading of the 
vehicle.. Therefore, online estimation of the mean viewing angles {a. .1} is desired. 

side-vieww upper-view frontal-view 

Figuree 2.2. The angles {o. 3, - }  define t lie relation between the viewing direct ion of I he camera 
andd the driving direction of the vehicle. 

Wee use information about the observed motion of background points that is obtained 
whilee driving approximately along a straight line (no curve in the road). Because the 
meann viewing direction is constant, it only needs to be estimated once in a while. This 
leavess room to postpone the estimation process to those occasions where our vehicle is 
drivingg in a straight lane. 

Thee influence of the translational egomotion on the observations is expressed via the 
soo called Focus of Expansion (FOE). This is the point in (or sometimes outside) the 
imagee plane where all background points seem to appear due to their (parallel) motion 
relativee to the camera. The position of the FOE depends on the viewing direction of 
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thee camera. If the viewing direction of the camera is aligned with the driving direction, 
aa = 3 = o, the FOE will be positioned in the origin of the image plane. If the viewing 
directionn deviates from this, n and/or 3 ƒ I), the FOE will lie outside the origin. The 
meann viewing direction of the camera can be derived from the position of the FOE. 

2.2.11 Background points under perspective projection 

Wee now start by defining two co-ordinate frames: the real-world frame and the observer 
frame.. Points in these frames are denoted by (X.Y.Z) and {X.Y.Z). respectively. The 
originn of both frames is located at the nodal point of the camera. The z-axis of the 
real-worldd frame points in the driving direction of the vehicle. The z-axis of the observer 
framee equals the viewing direction of the camera. In other words, the observer frame 
iss the result of a rotation of the real-world frame over the angles a and 3. The model 
wee use to represent this rotation assumes first rotation over angle 3 of the real-world 
framee around its X-axis, followed by a rotation over o around the (resulted) V-axis. The 
transformationn from the real-world co-ordinate frame to the observer frame is given by 
thee following relation: 

R R X,.3 X,.3 (2.i; ; 

with h 

R R %.>i %.>i 

1 1 
0 0 
0 0 

0 0 
cos(J) ) 

-sin(,J) ) 

(J J 
sin(.tf) ) 
cosUi) ) 

R R Y.a Y.a 

cos(a)) 0 — sin(<V 
00 1 (J 

sin(a)) 0 cos(a) 
(2.2) ) 

Thee relation between the position of points in the image plane and their position in 
observerr co-ordinates is approximated by the perspective projection model. The camera 
modell  is illustrated in figure 1.1. The projection of points (in real-world co-ordinates) on 
thee image plane is given by: 

'V V 

r„r„  = F 

cos(o)XX + sin(rv) sin(;J)Y - sin(o) cos(.3)Z 

sin(a)XX - cos(o) sin(#)Y + cos(a) cos( 3)Z 

eos(;:Q¥¥ + sinM)Z 

sinfajXX - cas(o)sin(;i)Y + cos(o) cos(tf)Z 

(2.3) ) 

Here,, F denotes the focal length of the camera. 

Thee tracking algorithm described in [16] provides tracks of background points in the 
imagee plane. Background points perform a relative (possibly accelerated) motion in the 
Z-direetion.. The relation between the observed trajectory of a background point and the 
meann viewing direction of the camera follows from the equations in 2.3. Elimination by 
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meanss of substitution of Z(/) from these equations leads to the following relation: 

rr tJtJ(t)=(t)=  sm(ö)tan(J) + -=£- ) 
\\ eos(J) A / 

>  V ' 

VV «»<.<*) x y (2.4) 

Thee observed motion of background points is (for constant a and ,i) along straight 
liness r,j{t)  = r0  r rU) + c,. These lines seem to originate from the FOE. (./V. ƒ,,). and 
disappearr at the boundaries of the image plane. 

2.2.22 Derivation of the FOE 

Iff  both angles 7Ï and ;i are unknown, information of at least two (not necessary simul-
taneously)) tracked background points is required. One way to derive the angles is via 
estimationn of the FOE. The FOE is the projection of the point (X, Y. Z) = (0. 0. z0) on 
thee image plane. This projection, defined by equation 2.3. leads to the following relation 
betweenn the FOE. (fx.fy). and the angles {a, 3}: 

,, e r , (  ̂ ,  Ftan(3)\ 
(ƒ,-ƒ,)) = - F t a n ( a ) .+ - ^ (2.5) 

VV COS(Q) J 

Thee position of the FOE is found by determining the (virtual) intersection of tracks, 
observedd every time the vehicle is driving in a straight lane. New tracks can be used, 
iff  necessary, to verify a previous estimate or to improve its reliability. Denote the mea-
surementt data of M tracks by ry(t) = c0i  r,U) + cu. with i = 1 M. The position 
off  the FOE is estimated from this measurement data by minimizing the following error 
function: : 

M M 
EE = J2^, [cujr- f„  + cu]

2 (2.G) 
J = I I 

withh *!,- = l/U'n, + 1). This is explained in detail in appendix B. 
Thee reliability and accuracy of the algorithm depends on several factors. First of 

all.. one of the tracks used for the estimation might have been corrupted by severe inter-
framee rotations. As a result the fitted line to this track will lack accuracy and therefore 
shouldn'tt be used as input. Also the choice of the pair of background points is important. 
Forr example, if the 2 background points are located close to each other, the estimation 
off  the FOE will be very sensitive for measurements inaccuracies and will lead to a poor 
estimationn of the viewing direction. A statistical analysis can lie performed to control 
thee performance of the algorithm. For each track, the variance in the model parameters 
{td.Cj}}  can be calculated. The propagation of these uncertainties to the inaccuracy in 
thee estimation of the FOE can also be determined. This information enables us to chose 
thee best combination of tracks and to remove unreliable tracks from the estimation. The 
statisticss concerning the estimation of the FOE can be found in appendix B. 
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2.33 Inter-frame rotations 
Thee correction of the observations for a ^ 0 and/or 3 ^ 0 leads to the situation where 
thee viewing direction of the camera is corresponds to the driving direction of the vehicle. 
Notice,, that after correction the observer frame and the real-world frame are the same. 
Wee will now estimate the rotational components in the camera motion using information 
aboutt the optical flow field of background points. 

2.3.11 The optical motion of background points 

Thee camera motion has G degrees of freedom: 3 translation components and 3 rotation 
components.. We represent the three angles of rotation (yaw. pitch and roll) by (n, 
3.3.  and the three translational components by (Trj..Try.Tr.). For our application 
thee only translational motion component unequal to 0 is Trs. We consider only small 
rotationss between succeeding frames (less than 5 degrees) and denote these rotations by 
{ A a . M . A - f } .. The relative motion of an observed background point (AW. Z) to the 
pointt (A"'. Y'. Z'). as a result of this egomotion. is approximated by: 

A''' ' 
Y' Y' 
Z' Z' 

1 1 
-A-y y 
An n 

AT T 
l l 

-A3 -A3 

-£a -£a 
A3 A3 
1 1 

"A" " " 
Y Y 
Z Z 

--
''  0 " 

0 0 
T T 
LL rz 

("2.7; ; 

AA background point is observed in the first frame at position {vs. ru). Its position in the 
nextt frame is denoted by (rx + fT.ry + tu). Using equation 2.7 we find the following 
relationn between , ry) and (rx + rx. ry + ry): 

TxTx + ^ 

r„r„  + f, 

== F-

==  F-

-F-l f tt + i'ifA- y 

Frontt this equation we will estimate the small rotations {An , A J. A-)} . 

[2.8) ) 

2.3.22 Derivation of {Aa. A/3, A7} 

Inn equation 2.8 the term Trz/Z represents the tinie-to-contact of the background point 
underr consideration. This depth dependency can differ for each background point and 
won'tt be known. We remove this term from previous equations by means of substitution. 
Byy doing so. we obtain a single expression that relates the parameters {An . A3. A-.}  to 
thee measurement data of the optical motion of each background point, {r, . r,r r,.. ry}. 
Iff  we estimate the optic flow field of the background we can estimate the parameters 
{An :: A3. A-} }  from the following (over-determined) system of linear equations: 

F{rF{r yy + ry)Aa + F(r\T + rJ-)A3 - {f^ir, + r,) + r^r,,-t ry}) A-: 

==  Tj-i'y - 'V'-t  ^ background points (2.9) 

Wee estimate the optical Mow using the method of Dev [5]. This is a gradient approach, 
usingg first-order spatiotemporal derivatives of the image intensity. Gradients are obtained 
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byy means of Gaussian derivative filters. The local smoothness constraint, as proposed 
inn the famous article of Lucas and Kanade [14] is applied. Besides an estimation of the 
movementt of a point, a reliability measure for each estimation is derived. We use the 
reliabilityy measure to reject very unreliable flow vectors from the field. The remaining 
floww vectors are used to solve the rotation parameters from 2.9 in a wright.ed orthogonal 
leastt squares sense. 

Inn equation 2.(J. measurement errors exist in the measured flow vectors {r T. ry). Solv-
ingg the rotation parameters from this equation in a simple orthogonal least squares sense 
wil ll  result in a sub-optimal estimate of the parameters. The reason for this is that the 
residualss that are minimized are not Gaussian distributed. The impact of the measure-
mentt errors, which are assumed to be Gaussian distributed, on the residuals depends on 
thee location in the image plane where the flow is estimated. The variance of the residuals 
iss said to be hcteroscedastic. For similar problems see e.g. Sampson [17] (fitting residuals 
too conies) and Torr and Murray [19] and Weng et al. [21]. 

Thee rotation parameters are found by minimizing the following re-weighted squared 
errorr in a (orthogonal) least squares sense: 

£(A«.. A:t A.) = JT ( A , i A a + A , 2A , J + A ^ - b ,y (2 i(j ) 

with h 

A nn = F(ryi + ) Aa = -rri(r^ + rsi) - r,p{r yi + ru.) 

A/aa = F{rX! + t\ri) b, =r x,r1„-r uir,i (2.11) 

y/ y/ (rJ(-- - F An + rviA-))2 + (;-,,,  + FAJ - r,riA-f)
2 

Seee appendix C for details about the derivation of tins error function. If the weights 
uj,uj, are known, minimizing previous error in a simple least squares sense assumes only 
measurementt errors in b. and no inaccuracies in A. 

Havingg measurement errors in both A and b, our problem requires an orthogonal least 
squaress solution. Golub and Van Loan [8] and Van Huffel and Vandewalle [20] showed 
howw this solution is found using singular value decomposition of the combined matrix 
[A' ;; b']. Here, the accents indicate that A and b are re-weighted by ^. Denote the SVD 
off  this combined matrix by 

\A':b']=UZV\A':b']=UZV TT with 
VV = 
VV = 

y,y,  = 

"ii  um].uiew,.uTr = in 
nn r4].r t e M-',V T l ' = ƒ., (2.12) 

'diag(Af;;
 A i ) l . > , > . . . > * , 

Thee orthogonal least squares solution is obtained by scaling r.j until its last component 
iss -1. or 

[ A a . A , i A - . - l ]]  = -/'j/r.*.., (2.13) 

Becausee previous approximation requires knowledge about the weights ^', and vice versa, 
ann iterative method is required. We therefore initiall y start with an approximation of the 
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weightss , = yj(jm1, +/'y,). This first guess doesn't depend on the rotation parameters and 
iss an acceptable initial guess for our application with only small rotation parameters (see 
equationn 2.11 for the definition of the weights). The weights ensure that the residuals 
becomee Gaussian distributed. It depends on the characteristics of the measurement data 
(accuracyy and the amount of outliers) whether the estimation scheme converges or not. 
Itt would be extremely difficult to determine the conditions under which convergence is 
guaranteed.. Following [17] and [19] wTe empirically determined the number of iterations 
required.. For the experiments 4 iteration steps appeared to be adequate (cf. the small 
numberr of iteration steps found necessary for the applications discussed in [17] and [19]). 

Evenn the best least squares method performs feebly in the presence of outliers (see e.g. 
[19]).. Therefore, in the experiments we also present the results of estimation methods 
thatt involve outlier suppression. We implemented two different approaches. The first 
approach,, presented by Huber in 1981. is of the category of \I-estimators. The second 
approachh is Rousseeuws least median of squares (LMSJ method (1987). This approach 
usess a random sampling scheme to identify outliers in the data. Both methods are 
describedd and compared in detail in [19]. 

2.44 Experiments 

Inn this section we illustrate the performance of our estimation technique for the mean 
viewingg direction of the camera and the inter-frame rotations. We show the estimation 
resultss for the estimation of the mean viewing direction for sequence FACTORY. The 
resultss for the inter-frame motion estimation are shown for sequences FACTORY and 
BUILDINGG (500 non-interlaced frames of 5G8x7G8 pixels; 50 frames per second). 

2.4.11 Estimation of the mean viewing direction 

Thee upper left, image of figure 2.3 shows an image of sequence FACTORY. The dashed 
liness indicate the position of the center of the image plane. Based on this image, one 
cann observe the difference between the center of the frame and the heading direction (i.e. 
drivingg along the lane). Therefore, one can already assume that the camera is looking 
slightlyy downwards to the right. In the same image, tracks of 3 background points are 
plotted.. Details about these tracks are summarized in tables 2.1 and 2.2. The estimated 
locationn of the FOE is (ƒ.,ƒ,,) = (-17.0. -21.0) ) pixels. 

Basedd on knowledge of (ƒ,., fy) we correct the observation by means of back rotation. 
Thiss back rotation is illustrated in the right part of figure 2.3. The white dashed lines 
inn the upper right figure indicate the border of the frame before rotation. After rotation, 
thee FOE is approximately located at the origin of the image plane. Now. the center of 
thee image corresponds well with the direction of heading. In this example we corrected 
thee observations of the complete image. Of course, in practice only the observed tracks 
wil ll  be corrected for n ^ 0 and .'i ^ 0. or the parameters o and 3 wil l be included in the 
modell  equations. 

file:///I-estimators
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F i g u ree 2.3. Illustration ol' the algorithm to correction for the viewing direction located al 
aa f: 0 and 3 # 0. Before correction, the FOE is (ƒ.,-.ƒ,/) = (-17.0. -21.6) pixels. The corrected 
positionn ol the FOE is approximately located at the origin of the image plane. 

T rackk no .: 

## points 

CT£)CT£) (pixels) 
<7(:,, (pixels) 

1 1 

160 0 
0.33e-4 4 

1.11 1 

2 2 

115 5 
().24e~l l 

0.22 2 

3 3 

103 3 

l).2N'-"i i 

0.1-1 1 

Tab lee 2 .1. Details about the Hacks that \w used to estimate the FOG'. The last two rows 
indicatee the variance in the parameters CQ and c\ of the line ry = CQ • r3 - ej that was fitted to 
eachh track (sec also appendix B). 

Us ingg t racks: 

ƒ,.. (pixels) 

ffyy (pixels) 

rrjrrjxx (pixels) 
aa/u/u (Pi x e l s) 

1 +2 2 

-17.21 1 

-21.21 1 

3.86 6 

4.12 2 

1 +3 3 

-18.13 3 

-21.61 1 

4.61 1 

0.17 7 

2 +3 3 

-17.65 5 

-21.68 8 

n.21 1 

0.12 2 

1+2+3 3 
-17.64 4 

-21.58 8 
0.29 9 

0.21 1 

Tab lee 2.2. Estimated FOE for different combinations of the 3 measured tracks. The indication 
forr the accuracy of the estimates was obtained using the relations given in appendix B. 
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2.4.22 Es t ima t i on of in te r - f ram e ro ta t io n 

Wee will now discuss the estimation results for the inter-frame rotations. All data used 
inn these experiments was corrected for the mean viewing direction. Figure 2.4 shows one 
framee of sequences FACTORY and BUILDING. During the recordings of both sequences our 
ownn vehicle was driving at approximately constant speed. We estimated the flow field 
pluss the reliability of this estimation for background points in both sequences. From this 
wee derived the inter-frame rotations {Aa(t),A0{t),A,y{t)}. 

Figuree 2.4. One frame out of each of the sequences used in the experiments. The background 
pointt (s) we tracked in each sequence is also indicated. 

Wee don't have a ground truth for the inter-frame rotations. Therefore we used the 
followingg approach to test the accuracy of the estimations. 

Throughh each sequence we tracked a point belonging to the static background. The 
observedd motion of this point is the result of the egomotion of our vehicle. This motion 
iss represented by equation 2.8. relating the position of the point at time sample /. to its 
positionn at the next time sample. We use the estimated rotations {Ao(7) , A0(t), A-;.(/)} . 
togetherr with an approximation of the parameter Z{1)/Trz{i) to reproduce the movement 
off  the tracked background point in the image plane. The agreement between the repro-
ductionn and the observed motion is a measure for the accuracy of the estimated rotations 
inn practice. 

Thee parameter Z(t)/Trz(t) represents the so called time-to-contact. This parameter, 
measuredd at time /. expresses how much time will elapse until the tracked point has 
reachedd the image plane of the camera. We used a linear approximation for the time-to-
contact,, r. of the background point. This is a realistic assumption because, during the 
recordingss of both sequences, our vehicle was driving at approximately constant speed. 

Too evaluate the accuracy obtained with our approach, the inter-frame motion is pre-
dictedd over time-intervals of .V samples. Each reproduction is based on the position of 
thee background point as it was observed A" time samples before, plus the A' previously 
estimatedd rotations: 

{rx(t),r{rx(t),ryy(t))(t))iecoastmctiooiecoastmctioo = (rx{t - N),ry(t - N)\tack + / / 6Mv.t](f , Ad, A/5, A7) (2.14) 

weree function ƒ represents the iteratively estimated movement of the point over time-
intervall  [/ — N,t], based on equation 2.8. Accumulation of errors in the estimation of 
thee small rotations in time, together with the influence of small model errors related to 
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thee linear approximation of the time-to-contact, result in a bias between the observed 
trackk and its reproduction. We control the bias by restricting the time-interval over which 
accumulationn of errors can occur-. In the experiments we applied .V = 30 (O.G sec) for the 
reconstruction.. For completeness we will also present the results when the reconstruction 
att time t is based on all mea.surements preceding time / (referred to as A' = oc). 

Inn the first sequence we sequentially tracked 2 points. The track of the second point 
startedd after approximately 300 frames (6 seconds). In the second sequence, we tracked 
onee single point. 

Sequencee FACTORY: 
Thee estimated inter-frame rotations {Ao . A0, A^,}  for sequence FACTORY are plotted 

inn figure 2.5. 

1 00
 3estimated (Ao.(t).Ap(t).Ay(t)) using re-weighted orthogonal least squares with outlier suppression (LMS) 

„„ 2 

rr  ° 
ff "2 

-4 4 

V / >-Afv^^ ^ /^vA-A-A/v-^^ -

Figuree 2.5. Estimated inter-frame camera rotations for sequence FACTORY. 

Inn the left image of figure 2.4 the background points that were tracked through the 
firstfirst sequence are indicated. Figure 2.7 shows the results of this measured track together 
withh its reconstruction with N = oo. The upper figure illustrates the horizontal position 
/•.,•(/)) in the image plane. The lower figure the vertical position ry(t). The measured 
trackk ih represented by a continuous line. The reconstruction in this figure is based on 
re-weightedd orthogonal least squares combined with outlier suppression using LMS. 

~Inn practice, an application-specific motion filtering method is applied to control this bias. Examples 
arcc the Kalman based technique of Dickmanns and Graefe |G and the inertial motion filtering technique 
off Zhu [231. 
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Orthogonall  Least Squares 
Re-weightedd Orthogonal LS 

++ outliers (Huber) 
++ outliers (LMS) 

A""  = 30 
MSEMSET T 

(pixels) ) 

0.52 2 
0.43 3 
0.41 1 
0.42 2 

MSEy MSEy 
(pixels) ) 

2.20 0 

1.34 4 
0.81 1 
0.67 7 

A'' = yc 

MSEMSET T 

(pixels) ) 

1.53 3 
0.73 3 
0.71 1 
0.71 1 

MSEMSEy y 

(pixels) ) 

9.94 4 

5.04 4 
1.47 7 
1.01 1 

Tablee 2.3. Overview of the MSE between the observed track and the reconstruction. This for 
sequencee FACTORY, for different methods for the estimation procedure. 

Inn table 2.3 the mean squared error MSE (in x and y-direction) between the observed 
trackk and the reconstruction of this track is given. This for different orthogonal least 
squaress techniques, with and without outlier suppression. Also the result of the esti-
mationn for N = oc is given. The results show that the main part of the inaccuracy of 
thee (more biased) reproduction is caused by only a small number of inaccurate estimates. 
Furthermore,, when outlier suppression is applied pixel accuracy is obtained with Ar = oc. 
Forr sequence FACTORY, the estimation with N = 30 obtains sub-pixel accuracy if the 
influencee of outliers is suppressed. 

Sequencee BUILDING: 
Thee estimated inter-frame rotations {Ad . Ad, Ax,\ for sequence BUILDING are plotted 

inn figure 2.6. 
Inn the right image of figure 2.4 the background point that was tracked through the 

secondd sequence is indicated. Figure 2.8 shows the results of this measured track together 
withh its reconstruction with A' = oc. Again, the measured track is represented by a 
continuouss line. The reconstruction in this figure is based on re-weighted orthogonal 
leastt squares without outlier suppression. In the next figure, figure 2.9. the results are 
shownn for the same estimation method with N = 30. 

Inn this sequence the vehicle reaches after 7.3 seconds an irregularity in the surface 
off  the road. This results in serious vertical vibrations of the camera. From figure 2.9 
wee can see that the least accurate estimation is derived around 7.4 seconds3. But after 
thiss inaccurate measurement the vertical vibration caused by the irregularity is estimated 
correctly. . 

Tablee 2.4 presents the mean squared error (MSE: in T and y-direction}  between the 
observedd track and the reconstruction of this track. This for different orthogonal least 
squaress techniques. Again we can conclude that the main part of the inaccuracy of the 
(moree biased) reproduction is caused by only a small number of inaccurate estimates. 
Withoutt outlier suppression, even the estimation with N — oc obtains pixel accuracy. 
Sub-pixell  accuracy is obtained if accumulation of errors is suppressed by applying N = 30. 

'Notee that the inaccuracy of this estimation affects the accuracy of the reconstruct ion over an period 
off  'SO frames (0.6 seconds) after this event. 
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xx 10" estimatedd {Aa(t),A|5(t),Ay(t)) using re-weighted orthogonal least squares without outlier suppression 

Figur ee 2.6. Estimated inter-frame camera rotations for sequence BUILDING. 

Orthogonall  Least Squares 

Re-weightedd Orthogonal LS 
++ outliers (Huber) 
++ outliers (LMS) 

ATT = 30 

MSEMSEXX MSEy 
(pixels)) (pixels) 

0.87 7 

0.55 5 
0.59 9 

0.75 5 

0.64 4 

0.61 1 
0.64 4 
1.07 7 

ATT = cc 

MSEMSEX X 

(pixels) ) 
1.42 2 

0.57 7 
0.83 3 
1.41 1 

MSEy MSEy 
(pixels) ) 

1.11 1 

1.01 1 
1.22 2 
3.78 8 

T a b lee 2.4. Overview of the MSE between the observed track and the reconstruction. This for 
sequencee BUILDING, for different methods for the estimation procedure. 
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estimatedd track {r ,r} (-) and its reproduction 

Figuree 2.7. Observed motion through sequence FACTORY and the reconstruction of this mo-
tionn with N — oc. based on the estimation of the inter-frame motion, using re-weighted orthog-
onall  least squares combined with outlier suppression using LMS. The continuous lines represent 
thee observed motion of the sequentially tracked background points. The dashed lines represent 
thee reconstruction of these tracks based on the estimated rotational parameters. 
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estimatedd track {r ,r} (-) and its reproduction 

F i g u r e 2 . 8.. Observed motion through sequence BUILDIN G and the reconstruction of this 
motionn with N = oo. based on the estimated inter-frame motion using re-weighted orthogonal 
leastt squares without outlier suppression. The continuous lines represent the observed motion 
off  the Hacked background point. The dashed lines represent the reconstruction of this track. 
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estimatedd track {r ,r} (-) and its reproduction 

tt [sec] 

Figuree 2.9. Observed motion through sequence BUILDING and the reconstruction of this 
motionn with N = 30, based on the estimated inter-frame motion using re-weighted orthogonal 
leastt squares without outlier suppression. 
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2.55 Discussion 

Inn this chapter we addressed the egomotion estimation problem in two parts: we separated 
thee estimation of the direction of the translational motion of the camera {the mean 
viewingg direction) from its small inter-frame rotations. As justification for doing so we 
pointedd at the difference in dynamical characteristics of both parts. 

Thee estimation of the mean viewing direction of the camera is based on the observed 
motionn of tracked background points. This approach can easily be incorporated in real-
timee practical systems. Confidence measures are used to ensure the reliability of the 
estimation.. These confidence measures indicate the quality of each observed track and 
providee us with a final indication of the accuracy of the estimation. Furthermore, they 
cann control the selection of the best combination of tracks. The experiments show that 
thee mean viewing direction can be estimated in practice with sub-pixel accuracy, even if 
onlyy two tracks are used as input. 

Thee estimation of the inter-frame rotations of the camera is based on the optical flow 
field.. The requirement of the flow field makes the algorithm computational expensive and 
troubless real-time implementation. In the design of the flow estimation method we did no 
concessionss on the accuracy in order to increase its efficiency4. Real-time performance of 
thiss algorithm nowadays requires hardware implementation. The optical flow algorithm 
providess us with input data of a satisfying accuracy. The experiments illustrate the 
robustnesss and high accuracy of our complete inter-frame motion estimation method 
inn practice. Without putting severe demands on additional motion filtering, sub-pixel 
accuracyy is obtained. It depends on practical characteristics of the estimated flow field 
whetherr outlier suppression should be added to the estimation scheme or not. 

Likee most other solutions in vision, the work presented in this paper depends on 
thee application and its environment. Our solution doesn't put too many constrains on 
thee scene structure (like e.g. plane+parallax approaches). We put the constrains on the 
characteristicss of the egomotion and concentrate on the robustness and accuracy of our 
solution.. This makes the approach valid and useful for many applications. 

44 An initial discussion about the trade off of tbc; accuracy of optic flow algorithms; and their efficiency 
cann be found in [12]. 
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