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Motivation

» Egomotion - estimating the 3D rigid motion (rotation and
translation) of the camera from an image sequence
» Basis for more involved structure and motion (SaM)
estimation approaches
> Alternatives:
» Inertial and differential GPS: accuracy depends on signal
quality and coverage, expensive
» Wheel odometry: wheel slippage
> Interesting applications:
» Autonomous vehicle and robot navigation
» Automotive systems: driver assistance, road safety inspection
» Mars Rovers
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Stereo Camera Calibration

>

Goal: map every image pixel to a 3D ray emerging from the
focal point of the camera and spreading out to the physical
world

Linear intrinsic parameters:
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» Camera matrix K transforms the normalized perspective
projection coordinates to image coordinates
Nonlinear intrinsic parameters: lens distortion
» Radial: kl, k27 kg, k4, k57 k6
» Tangential: p1, po...
Extrinsic parameters: displacement between left and right
cameras (R, t¢)



Camera Model

o — X,l + k1f2 + k2r4 + k3r6

1+ k4r2 + /(5[4 + k6r6

" ,1+k1r2+k2r4+k3rﬁ

Y TN K F kA kol

P = P+ () ]
u=f-x"+c, v
V:f;/.y//_f_cv 1

=K |[y"];

AN z
principal axis

+2p1x'y’ + pg(r2 + 2(x’)2)
+pi(P +2(y")?) + 2p2x"y’

"



Calibration Bias

» The most popular methods today assume the center of
distortion is at the image principal point [Zhang, 2000]

> It has been shown that this does not hold in real cameras
[Hartley, 2005]
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» Slight tilt of the sensor plane
with respect to the lens
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» Misalignment of individual » image
components of a compound lens ™
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Image Rectification

After the rectification all epipolar lines are horizontal and because
the image planes now share the same x-axis all corresponding
points will be located in the same image row as shown
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Rectified Stereo Camera Model
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Triangulation Error
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Finding Point Correspondences

lijeva slika desna slika

» Matching between four images:
» Previous left and right and current left and right
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Egomotion Optimization

X1 = t(qﬁ,t—laq:{,t—l) Xt = t(qf,t, q:(,t)

Error in world space - 3D point alignment
N
argmin > [|X; — (RXj 1 +t)?
Rt o1
Error in image space - 2D point alignment [Nistér, 2006]

N {Lr}
argmin Z Z qut —m(Xi1, R, tk)H2
Rt o1k

t =t t,=t;— (b,0,0)"
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Egomotion Pipeline

OUTLIER MOTION
REJECTION ESTIMATION

» We match Harris corners in left camera with NCC metric on
15x15 patches
» Disparity is measured by matching along epipolar line in right
image
» RANSAC based outlier rejection:
» Gauss-Newton method is used for hypothesis generation and
final optimization

11/22



Reprojection Error on the KITTI Dataset

» We found many perfect correspondences with large
reprojection errors under the groundtruth camera motion

Red | 7.10 | 7.01

Green | 6.68 | 6.56
Blue | 7.40 | 7.32
Yellow | 6.75 | 6.35




Error Heat Map on KITTI and Tsukuba Datasets
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Error Statistics on KITTI

» Mean values of the vector errors deviate from zero and

contain bias following some specific patterns
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Learning the Stereoscopic Deformation Field

> Idea: learn the camera calibration correction by exploiting
groundtruth motion

X1 = t(d;,t—bdit—l)

M N {Lr}

argmin ZZZ ||51ft—F(Xi,t—thatt,k)Hz (1)

DD, DD, =1 j=1 &
fl = d(q, Dm Dv)

» D!, D! D! DI - the deformation field matrices for u and v
axes and left and right cameras respectively

» R; and t; in each frame t are taken from groundtruth data
» d - function which applies the deformation to the point

» Levenberg-Marquardt method from Ceres Solver is used to
optimize (1)
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Learning the Stereoscopic Deformation Field

>

We collect the tracks in all sequences by filtering them with
groundtruth motion using a fixed error threshold

Threshold has to be large enough to capture the impact of
larger reprojection errors further from the image center
Filtering with a permissive threshold produces outliers which
can exert a significant impact to the least-squares optimization
To reduce their impact we wrap the square loss into the
robust Cauchy loss function:

25 |

NullLoss
HuberLoss ———
SoftLOneLoss

s
p(s) = a*log(1 + ?) w O

s - square loss output

a - parameter which
determines the scale at s
which robustification

takes place o e s 4 s
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Integrating the Deformation Field in Motion Estimation

N {lr}

argmin Z Z Haf(t — (X1, R, i) |2
Rt =1k

a = i(q, DUa Dv)

> i- computes the bilinear interpolation between the four cells
of the deformation field which surround the point q
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Experimental Results

» We compare our approach to two variants based on the
Libviso library [Geiger, 2011]:

» Baseline - Libviso without feature weighting

» Libviso with feature weighting

-1
w; = (|u,—Cu| + 0_05)
|€ul
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Experimental Results

> Leave-one-out evaluation on the training sequences 04-10

» Relative translation error in percents of the traveled distance

» Relative rotation error in degrees per meter

KITTI Baseline With FW With DF

Seq. length trans. rot. trans. rot. trans. rot.

04 394 m 1.14 | 0.0094 | 0.63 | 0.0027 | 0.78 | 0.0068
05 2206 m 1.29 | 0.0095 | 0.70 | 0.0047 | 0.43 | 0.0030
06 1233 m 1.30 | 0.0069 | 0.75 | 0.0041 | 0.53 | 0.0047
07 695 m 2.02 | 0.0221 | 0.86 | 0.0083 | 0.40 | 0.0034
08 3223 m 1.45 | 0.0087 | 1.10 | 0.0056 | 1.02 | 0.0048
09 1705 m 151 | 0.0067 | 1.16 | 0.0041 | 0.97 | 0.0050
10 920 m 0.80 | 0.0067 | 0.65 | 0.0042 | 0.70 | 0.0040

| Al

| 10376 m || 1.386 | 0.0089 | 0.933 | 0.0051 | 0.771

| 0.0043 |




Experimental Results - Case study: the sequence 07

z(m)
z(m)
z(m)

x (m) x (m) x (m)

(a) Baseline (b) With feature weighting (C) With deformation field
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Future Work

» Add robust loss to the egomotion cost function

» Evaluate different regularization approaches in the loss
function used to calibrate the stereoscopic deformation field

» Evaluate the impact of calibration bias correction to the
multi-frame bundle adjustment optimization
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