Université d'Ottawa | University of Ottawa

A General Framework for Fast 3D Object Detection
and Localization Using an Uncalibrated Camera

Authors: Andres Solis Montero, Jochen Lang, and Robert Laganiere

University of Ottawa
School of Electrical Engineering and Computer Science
VIVA Lab

vi\A uOttawa




Universite’ d'Ottawa | University of Ottawa

Problem & Objectives

Problem

* Visual real-time 3D object detection
» Mobile camera independent of camera optics and mobile object
* Memory constraints and no 3D model of the object

Objectives

Real-time single camera video-based application:

» detects moving objects from an uncalibrated mobile camera

» has small memory footprint

 is invariant to viewpoint changes, robust to noise and image illumation changes
« accounts for occlusions and cluttered environments
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Details

arg max P(V;

P1, P2, 7pn

Fj = {1 p; belongs to V

V = {VJ 11 <j < m} | 0 otherwise
Vi ={p1,p2, .., Pn} [1 P(F;:lV;) = B(n,n, Po)
=1

vViI\A uOttawa




Universite’ d'Ottawa University of Ottawa

Details
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Experimental Results
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Experimental Results

Detection Rates under transformations

Algorithm | Rotation® | Scale” | Illumination™
BRIEF 9% 43% 62%
NBCD + BRIEF 15% 62% 64%
ORB 75% 74% 89%
NBCD + ORB 2% 91% 90%
BRISK 19% 715% 82%
NBCD + BRISK 94% 92% 84%
FREAK 69% 70% 79%
NBCD + FREAK 84% 89% 81%
Ferns 14% 46% 61%
Ferns* 89% 88% 68%
* roll = [—180°, 180°], pitch and yaw = [-70°, 70°]
* scale = [0.2, 2]
tax I(z,y)+ B, a =373, 8= [-100,100]

Stats: Ferns moused pad example

Algorithm | Fps | Detection | Memory | Time
Ferns | 25.1 87.4% 16Mb | 348s
NBCD+ORB | 265 | 86.9% 80Kb 24s
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Contributions & Conclusions

« Framework for real-time 3D object detection using a single,
mobile and uncalibrated camera
« Combine binary descriptors with Naive Bayes classifiers for
feature classification and matching
« The new classifier exploits the specific structure of binary descriptors to
increase feature matching while conserving descriptor properties
« Small memory footprint due to efficiently encoded features
Learning time is reduced because invariant features and descriptors
Improved indexing scheme to speed up keypoing matching
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