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L Introduction

Introduction

I 6 DOF metric SLAM system for outdoor enviroments using a
stereo camera, mounted next to the rear view mirror

I The vehicle global position and a sparse map of natural
landmarks are both estimated at the same time

I The system combines both bearing and depth information
using 3D and Inverse Depth Parametrizatioin a EKF-based
implementation

I Our system followdavison's MonoSLANMapproach

I 2D templates warping is performed improving the matchigg

process
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I In typical autonomous navigation environments, some features
can be located very far (at the ini nity) from the vehicle, e.g.
buildings, sky...

Figure: Typical outdoor road navigation sequences %é%
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Optimal Metric SLAM for Autonomous Navigation Assistance

requirements:

A good Visual-SLAM system should comprise the next

1. Goodlocal metric localization and mapping

)
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I A good Visual-SLAM system should comprise the next
requirements:

1. Goodlocal metric localization and mapping
2. Good extension tdarge environments
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I A good Visual-SLAM system should comprise the next
requirements:
1. Goodlocal metric localization and mapping
2. Good extension tdarge environments
3. Be able to recognize e cientlyloop closingsituations
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I A good Visual-SLAM system should comprise the next
requirements:

1. Goodlocal metric localization and mapping

2. Good extension tdarge environments

3. Be able to recognize e cientlyloop closingsituations
4. Work underreal time constraints

I This work is focused in the point (1) of the above framework

I Improvement in the local sub-map process of the work by
Schleicheret. al Real-Time Hierarchical GPS Aided Visual
SLAM on Urban Environments to be presented in ICRA09
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Visual SLAM

Distortion is corrected using LUTs (Look up tables)
Left camera state vector

Xv 131 = ( Xcam; Ocam; Veam; 'cam)t
I Global state vectar

X = (Xv;Y13D

1)

Yn3p; Y1 inv

Y inv)*
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I Inverse DepthFeatures Parametrization
Y 6] = (Xoris 5 5 ) (3)

I m(; ) is the unitary ray directional vector from the camera
to the feature
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Figure: Inverse depth point coding
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LSW|tch|ng between Inverse Depth and 3D Features

Switching between Inverse Depth and 3D Features

I A depth thresholdis empirically set to 30 m to switch
between Inverse Depth and 3D Features in the EKF Process

I This value is chosen as a compromise between non-linearity
measurements, features uncertainty and the overhead
introduced by the inverse depth parametrization

I Position Update
1
Yap (31 = Xori + - m(; ) (4)
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Lvisual SLAM
LSwitching between Inverse Depth and 3D Features

I Covariances update

_ @3 @3
RS TR TR
@

I The feature has to remain at leash frames (typically 15
frames) in its new parametrization state before the switching

)
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2D Homography Warping

I Due to thechanges in viewpointwhen a feature is going to
be measured 2D image templates normalized correlations are
performed into a search area of high probability

I Since the position and the orientation of the left camera are
known, we use this information for computing2D image
warping instead of performing matching with the original 2D
image templates, acquired when the feature was initialized
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L2p Homography Warping

I The transformation betweerwo generic coordinate systems
X3 and X; is de ned by Eq. 7:

Xo = R X1+ T (7)
I If X1 is a point on theplanede ned by Eq. 8:
ra xg+b y1+c z+1=0 (8)

I This is aplane that does not pass through the origiand
n=(a;b;c)t is the plane normal

)
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L2p Homography Warping

I According to the last assumption, the following relationship
can be found:

nt X; = 1 (9)

I Using the previous equation, Eq. 7 can be expressed as
follows:

Xo = R Xy T nt X3= R T nt Xy (10)
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Lvisual SLAM
L2p Homography Warping

I Image positions in the two camera frames are related by the
2D homography:

U=CG R Tn c} u (11)

I Eq. 12 denotes theelationship between the left and the right
cameracoordinate systems:

U = Ck RRE TRt b u (12)

)
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L2p Homography Warping

| Stereo geometry, plane normal vector and 2D homography for
warping using information from both cameras
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Figure: Stereo geometry and locally planar surfaces
7
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L2p Homography Warping

I Supposing ara ne transformation between left and right
image patches, the a ne transformatioHR" can be
expressed as:

HR- = e RR- TRt Cf (13)
I Let us denote matrixX as:

X = TR nt = R ¢ HR (14)
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L2p Homography Warping

I A system of 9 equations and 3 unknowns, which are the
components of theplane normal vector

8
= X2 = X = X3
5 Ny = 75 ny = 7, Ny = =, (15)
T n, = % n, = X n, = Xss
z Ty z Ty z T,

I Finally, the2D homography between two di erent viewpoints
is obtained as:

RCO T co nt CLl UORI (16)
22
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Experimental Results

I Aerial Viewof the Trajectories in Urban Environment
I Estimated Length Run Seq 1: 168& m
I Estimated Length Run Seq 2: 2138 m

Figure: Sequence 1 Figure: Sequence 2
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Estimated Trajectories Sequence 1

Figure: Seq 1. with Inv. Depth

Figure: Seq 1. without Inv. Depth
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Estimated Trajectories Sequence 2

Figure: Seq 2. with Inv. Depth

Figure: Seq 2. without Inv. Depth
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Seq. Case % Inverse | Estimated Mean Pyy

Features | Length (m) | Trace (m)

1 Without 0.00 133.97 2.4414
Inverse Par.

1 With 12.25 129.08 0.7177
Inverse Par.

2 Without 0.00 130.61 2.9729
Inverse Par.

2 With 14.85 177.87 0.2188
Inverse Par.

Table: Inverse Depth and 3D comparison: Estimated Length Run and

Features Uncertainty
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Output Video Sequence 1 with Inv. Detph Parametrizat
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Output Video Sequence 2 with Inv. Detph Parametrizat
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Conclusions

I Localization and mapping are bene ted by using an inverse
depth parametrization for far features

I However, the overload of using 6 parameters instead of 3 for
representing a feature can be a drawback in certain real time
applications
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